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GENERAL INTRODUCTION

0.1 The evolution of time series analysis: A his-

torical perspective

Understanding how phenomena vary over time is a fundamental issue in many
scientific disciplines and requires tools to capture and model temporal dependencies.
One of the most common frameworks for studying temporal evolution is time series
analysis. A time series is a sequence of observations taken sequentially in time that
allows researchers to model, understand and forecast changes in various phenomena.
In other words, the theory of time series is primarily concerned with constructing a
plausible mathematical model for a data set, studying its main characteristics, and
using it to make accurate predictions in the most effective way. Many datasets are
in the form of time series: a monthly record of sales, a weekly count of hospital
admissions, daily temperature readings and hourly measurements of electricity con-
sumption, and so on. Time series are prevalent in fields such as economics, business,
engineering, natural sciences (particularly geophysics and meteorology), and social
sciences. An intrinsic feature of a time series is that successive observations often
show patterns or trends over time.

Time series analysis focuses on techniques for identifying and analyzing these

trends. It involves the development and application of stochastic processes (models
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GENERAL INTRODUCTION

that describe the probability structure of such sequences).

The study of time series analysis has a long history, beginning centuries ago
with the need to understand patterns in sequential data collected over time. One
of the earliest contributions came from Graunt in the 1600s, who analysed death
records that had been archived in London since the early 1500s [79]. Though his
work was not mathematically advanced, it laid the groundwork for what would be-
come a systematic study of time series data. Building on this foundation, Fourier’s
contributions [38] in the 19th century, specifically his work on harmonic analysis,
provided essential mathematical tools for studying periodic patterns. Fourier’s ap-
proach, which involved decomposing complex cycles into simpler components, has
since become a fundamental aspect of time series analysis.

By the late 19th century, researchers such as Thiele were developing formal statis-
tical methods for analyzing time series. Thiele’s work [68],[69] introduced key con-
cepts such as noise and randomness, which are still central to modern approaches.
At around the same time, studies on phenomena such as Chandler’s wobble [56] (a
periodic motion of the Earth’s poles) highlighted the importance of time series in
understanding natural phenomena.

At early in the 20th century, mathematicians like Yule [112] were among the first
to apply autoregressive (AR) models to time series data, a significant step forward
in the field of formal statistical modelling. These models enabled the analysis and
forecasting of trends, influencing numerous fields, including economics and engi-
neering. Shortly thereafter, Walker [105] modified Yule’s method, leading to the
development of the Yule-Walker equations, which are used to determine the order
of the autoregressive process in a time series.

The development of time series analysis accelerated in the mid-20th century.
A significant milestone was the publication of "Time Series Analysis: Forecasting
and Control" by Box and Jenkins [10] in 1970. This book introduced a system-
atic approach to identifying, estimating, and validating models, popularizing the
autoregressive integrated moving average (ARIMA) framework for analyzing both
stationary and non-stationary series. Their work also formalized seasonal ARIMA

(SARIMA) models, which incorporate ARIMA’s core principles with explicit sea-
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GENERAL INTRODUCTION

sonal components. Simultaneously, advances such as the Kalman [60] filter have
provided effective methods for dealing with noisy and missing data (Jones [57]),
thereby significantly improving the capacity to extract valuable information from
complex datasets.

The second half of the 20th century also saw the rise of non-linear models and
methods to deal with long-range dependence in time series data. Long-range de-
pendence, or long-memory, characterizes series in which correlations between values
decay slowly over time, resulting in persistent effects. Granger and Joyeux (1980)
[37] and Hosking (1981) [50] introduced fractional differencing as a way to model
such phenomena, culminating in the development of the autoregressive fractionally
integrated moving average (ARFIMA) model. These models expanded the analytical
framework, enabling researchers to better study and predict time series with long-
term dependencies. In addition, non-linear models addressed limitations of linear
approaches by capturing more complex forms such as sudden shifts and asymme-
tries in data. Similarly, Granger’s work [35] on causality provided tools to explore
relationships between variables. The creation of methods such as fractal analysis
[46], [47] and wavelet transforms [91] has led to the availability of a wider range of
tools, facilitating the analysis of irregular data structures.

As computing power advanced in the late 20th century, it had a considerable
impact on time series analysis, with the application of the Kalman filter [45],[63] be-
coming more frequent. In addition, Markov Chain Monte Carlo (MCMC) methods,
especially Gibbs sampling [29], have provided powerful tools for analyzing non-linear
and non-Gaussian models, including applications in time series analysis. These ap-
proaches were revolutionary as they offered robust frameworks for addressing such
complexities and significantly advanced simulation techniques. The MCMC method
facilitates the generation of simulations that provide deeper analysis of time series
data.

Another noteworthy development during this period was the integration of mul-
tivariate time series analysis, with the need to consider jointly several related time
series [85]. One critical development was the emergence of vector autoregressive

(VAR) models, while another pivotal contribution originally introduced by Engle
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GENERAL INTRODUCTION

and Granger [23] was cointegration analysis, which examined long-term relation-
ships between variables.

In the 21st century, advancements in data collection and computational tools
have resulted in further transformation of time series analysis. With the increas-
ing availability of massive datasets, researchers have focused on developing more
sophisticated mathematical tools. Improved techniques for detecting and analyzing
complexity in time series have arisen. Recurrence plots and multi-fractality analysis
are tools that allow analysts to understand the underlying structure of complicated
systems, which is crucial for forecasting in areas such as weather prediction and fi-
nancial markets. Additionally, methods such as delay vector variance (DVV) [28],[2]
provide insights into the ability to predict non-linear systems.

Recent years have also seen the introduction of non-mathematical frameworks for
the application of time series analysis. Machine learning [55],[14] and artificial intel-
ligence [106] have been incorporated into time series analysis. These approaches are
particularly useful for modelling highly complicated time series systems. Neural net-
works and other advanced algorithms are being used more and more to predict and
detect patterns in big data sets , complementing traditional mathematical methods
and expanding the range of time series applications.

An additional novel technique that has seen considerable popularity in recent
years is hybrid approaches [93], which combine traditional time series methods with
artificial intelligence techniques. (Further details on the evolution of time series

analysis are well described in [102] and [30]).

0.2 Motivation and background of the study

In 1951, Hurst [53] studied fluctuations in the water levels of the Nile to un-
derstand the long-term behavior of hydrological time series. Through his work, he
found that the fluctuations do not follow a completely random structure, but rather
show long-term persistence.

In 1981, Hosking [50] extended Hurst’s work by developing and applying the ARFIMA

model. In 1984 [51], he studied the time series of annual flows in the Nile and used
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GENERAL INTRODUCTION

the fractional differentiation method to model the long-term persistence present
in this hydrological series. Hosking applied several fractional processes, including

processes satisfying the following stochastic equation
(1 — L)dXt = &, (1)

with L as a lag operator. {e;,t € Z} is a strong white noise, a sequence of indepen-
dent random variables identically distributed with zero mean and finite variance.
By plotting the temperature data series for Bejaia (Figure 1, the data were col-
lected as daily average temperatures measured 2 meters above the ground surface
and expressed in degrees Celsius. They are available on the following website:
Bejaia temperature), covering the period from January 1°* 2020 to March 31% 2025,
we found that the autocovariance function shows a slow decay, suggesting that a
long-memory model, such as the one used by Hosking in 1984, may be suitable for
modelling the data series. However, the graph of the data also shows a recurrent
form or a form of periodicity that is not captured by the classical ARFIMA model.
In light of this, we propose to include the periodicity in the stochastic equation

presented in (1).

Series data

35
1
0

30

Temperature
ACF

T T T T T
2020 2021 2022 2023 2024 2025 0.00 0.02 0.04 0.06 0.08

Time Lag

Figure 1: Representation of the temperature data set of Bejaia.

Stochastic processes were developed in the early 20th century through the work of
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GENERAL INTRODUCTION

pioneers such as Kolmogorov [64], who formalized the mathematical framework of
probability and stochastic processes, and Ross [89], whose contributions in the 1970s
and early 1980s expanded the understanding and application of these processes.
The first application of stochastic processes goes back to the modelling of Brown-
ian motion, a phenomenon observed by Robert Brown in 1827 and mathematically
formalized by Einstein [22] and Smoluchowski [96] in 1905 and 1906.

Building on foundational work in the early 20th century [113], stochastic processes
have since found extensive application in time series analysis. An important class
of these models are stationary models, which assume that the process remains in
statistical equilibrium (a state in which statistical properties such as mean and vari-
ance do not change over time). These models are characterized by a constant mean
and variance.

Early contributions to stationary processes include Yule’s pioneering development
of autoregressive modeling in 1927, Walker’s (1931) [105] generalizations, and Slut-
sky’s (1937) [95] demonstration of how deterministic transformations can produce
apparently random series. The Wold decomposition theorem, introduced in 1938
[108], provided a theoretical foundation by showing that any stationary process can
be expressed as the sum of deterministic and stochastic components. Subsequent
advancements by Kendall (1945) [62] and Bartlett (1946) [7] in autocorrelation struc-
tures and spectral analysis deepened the understanding of stationary models. Que-
nouille (1952 [84], 1957 [85]) refined parameter estimation techniques, while Doob
(1953) [12] established the stochastic basis of stationarity. Grenander and Rosen-
blatt (1957) [39] expanded spectral theory, Hannan (1960) [44] developed methods
for model identification.

Despite their usefulness, stationary models often fail to reflect the behavior of
real-world time series, particularly in practical applications where non-stationary
processes, characterized by the absence of a stable mean level, are common. In
this context, forecasting methods developed by Holt (1957) [49], Winters (1960)
[107], and Brown (1962) [13], which utilise exponentially weighted moving averages
(EWMA), have proven particularly effective for addressing certain types of non-

stationary processes. The EWMA forecast, as demonstrated to minimize the mean
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GENERAL INTRODUCTION

square error Muth (1960)[77], is related to a wider class of non-stationary processes
known as autoregressive integrated moving average (ARIMA) processes. These pro-
cesses include stationary and non-stationary models, offering flexible models for the
diverse behaviors captured in practice.

ARIMA models, which gained widespread recognition with Box and Jenkins in

1971 [10], were explored earlier by Yaglom in 1955 [111]. These models are par-
ticularly useful for analyzing non-stationary time series, as they incorporate both
autoregressive (AR) and moving average (MA) components, along with differencing
to handle non-stationarity. The concept of differencing itself is not new, having
been part of earlier methods like the variate difference technique outlined by Tint-
ner (1940) [100] and Rao and Tintner (1963) [87], which laid the groundwork for
later developments. Additionally, non-stationary processes were studied by Zadeh
and Ragazzini (1950) [114], and Kalman’s work in the 1960s [59], [60] on filtering
and control processes made important contributions to the modelling of such time
series.
Most models developed prior to 1980, despite their differences, shared a common lim-
itation: their predictions were only effective over short time horizons. Consequently,
these models were characterized by short-range dependence, where correlations be-
tween observations diminished rapidly as the time lag increased. And here was the
appearance of the models that motivated this study, developed to handle what is
known as long-range dependence in a serie.

Long-range dependence is a widely applicable concept that extends beyond hydro-
logical phenomena, with notable applications including seismic data, as developed
by Ogata and Abe (1991) [81], and meteorological data, studied by Reisen and
Lopes (1999) [88]. In telecommunications and electricity, Soares and Souza (2006)
[97] demonstrated its relevance, while Ferrara and Guegan (2000) [25] identified
long-memory components in monthly passenger traffic data from the Paris trans-
port network (RATP). In the energy sector, Diongue (2005) [20] used long-memory
models to analyze electricity prices under the liberalization of the European mar-
ket, observing price spikes, mean reversion, and non-constant volatility. Atkins and

Chen (2002) [5] initially attempted to model Canadian electricity prices with short-
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memory processes, but unit root tests revealed non-stationarity. To address this,
they employed ARFIMA processes, which proved effective.

Economics and finance remain central areas for long-memory process applications.
Studies have found long-memory components in inflation rates (Baillie, 1996 [6]),
stock prices (Cheung and Lai, 1995 [16]), exchange rates and GDP series (Cheung,
1993 [15)).

0.3 An overview of the thesis

The present thesis thoroughly addresses a time series model that extends the
fractional autoregressive model (FAR) with a constant coefficient to the periodic
fractional autoregressive model.

The first chapter introduces fundamental concepts relevant to the study. The
second chapter of the thesis presents the model and its initial parameters. We de-
tail the forms of causality and invertibility that allow us to derive their conditions
based on the multivariate process representation related to the original periodic uni-
variate process alongside the results of Serroukh (1996) [94]. This approach allows
us to analyze the stationary form of the process, as the variance function reveals
non-stationarity, leading us to demonstrate that it is periodically correlated. Thus,
we establish a multivariate stationary process that corresponds to the periodic uni-
variate non-stationary process. It is important to note that Gongalves (1988) [34]
conducted a comprehensive study of FAR models with constant coefficients, as well
as long-memory processes, in her thesis. Later, Serroukh (1996) [94] expanded upon
this work by addressing additional aspects of time series theory for FAR models,
thereby contributing to a more complete framework. However, both studies were
limited to models with constant coefficients, whereas our work extends beyond this
restriction.

Periodically correlated processes, also known as cyclostationary processes, are a class
of stochastic processes characterized by statistical properties, such as the mean and
autocovariance function, that vary periodically over time. The study of these pro-

cesses originates from the pioneering work of Gladyshev (1961) [31], who formalized
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their mathematical framework, with further contributions made in (1963) [32]. Hurd
(1970) [52] advanced this foundation by providing important theoretical insights into
their structure and properties. Later, Gardner (1994) [104] significantly expanded
the field by demonstrating their practical applications, particularly in signal process-
ing and communications. Building on this series of papers, Boshnakov (1994) [9]
developed spectral representations of periodically correlated processes, while Troot-
man (1979) [101] developed methods for estimating periodic autocovariance func-
tions. Cipra (1985) [19] further applied these processes to time series forecasting,
particularly for seasonal or cyclical patterns.

We present the general forms of the autocovariance and autocorrelation functions,
as well as their asymptotic representations. These functions require further detail,
as their final forms are expressed in terms of the periodic coefficients we introduce.
To address this, we provide additional results in this context. Furthermore, we prove
that our process satisfies one of Gauss’s contiguous relations. These relations were
explored by Gongalves (1988) [34], where she constructed an estimator based on
them.

In the third chapter, we spotlight estimation, which is a crucial notion in time
series. Although the presence of periodicity and non-stationarity widens the appli-
cability of time series in modeling several phenomena, on the other hand, it affects
different aspects of the theory, particularly the theory of estimation; it restricts the
applicability of traditional methodologies such as moments estimation and maximum
likelihood estimation. These techniques were considered in parameter estimation of
the FAR with constant coefficient by Gongalves (1988) [34].

The non-stationarity property even affects alternative techniques such as Whittle
likelihood estimation due to the lack of a closed-form expression of spectral density.
To remedy this, we propose to construct the estimate for the multivariate stationary
process related to the initial non-stationary. We propose estimating by minimizing
the Hellinger distance, which was used for the first time in estimation for parametric
models by Beran in 1977 [8]. Since then, this theory has been a framework around
which many works have been published. We cite among them Ndongo et al. (2015)

[78], where they compared the conditional sum of squares and minimum Hellinger
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distance procedures considering ARFIMA with infinite variance innovations; Mbeke
and Hili (2018) [75] developed an MHDE for multivariate stationary ARFIMA.
More recently, Amimour and Belaide (2022) [4] used the technique on a periodically
time-varying long-memory parameter. In our study, in addition to constructing the
MHDE, we also investigate its consistency and asymptotic distribution under some
regularity assumption. To enrich the study we propose another estimation technique
proven to be equivalente to the maximum likelihood estimates by Box and Jenkins
(1970) [10] known as conditional sum of squares (CSS) estimates, and we conduct a
study to compare both estmations.

In the fourth chapter we provide local asymptotic properties, which are the local
asymptotic normality (LAN), local asymptotic linearity and the local asymptotic
minimaxity (LAM). We use the theory developed by Swensen (1985) [98] but ini-
tially introduced by Le Cam in 1960, who devoted a series of research studies to it,
among which we mention [70], where he created the LAN general theorem and [71],
where additional theories related to asymptotic problems in statistics were thor-
oughly studied.

The fundamental concept of LAN is that the log-likelihood ratio is locally asymp-
totically normally distributed, with a locally linear mean of the parameters of the
statistical model under study and a locally constant variance. Several criteria were
established to prove that a statistical model has the LAN property. Raoussas (1979)
[90] searched for the conditions under which the LAN property can be obtained for
stochastic processes; later, Swensen (1985) [98] developed that theory for autore-
gressive time series with a regression trend. A worth noting point is that Swensen
extended the Le Cam lemma to an easier-to-apply lemma, and based on the ex-
tended lemma, we prove the LAN property in this study.

Among several authors who discussed LAN in periodic models, we make reference
to Garel and Hallin (1995) [26], who proved the LAN property for multivariate
general linear models with an ARMA error term. Choy et al. (1999) [17] pro-
posed the asymptotic theory for a regression model with stationary non-Gaussian
ARFIMA((p,d,q) long-memory errors based on the LAN method. Moreover, Ami-
mour and Belaide (2022) [3] established the LAN for a periodically-time varying
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long-memory parameter model.

This concept has been a popular research subject that provided a prerequisite for
constructing locally asymptotically minimax (LAM) estimators that were firstly
described by Hajek (1972) [42] and subsequently studied starting by Fabian and
Hannan (1982) [24], who established the LAM for a family of models that satisfy
the LAN. On the other side, Kreiss (1987) [67] established and researched the first
effective factors to take into account when estimating time series models and he in-
troduced the LAN property for the ARMA process, without ignoring the pioneering
work of Serroukh (1996) [94], where all the asymptotic properties we are interested
in were extensively studied, Haddad and Belaide (2020) [41] investigated the LAN
property for long-memory processes with strong mixing noises. Later, Seba and Be-
laide (2024) [92] extended their work and established other local asymptotic theories
related to the LAN property.

The last three chapters were completed with simulation studies applied to the
key results of each chapter using R software. Notably, in the simulation section
for the MHDE, we constructed a confidence interval and presented it graphically to
demonstrate the estimator’s efficiency.

We conclude by summarizing our main findings and suggesting valuable avenues for

further studies.
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CHAPTER 1

GENERALITIES

After the introduction, this chapter summarizes some key definitions and prop-
erties necessary to understand the topics studied in the subsequent sections. We
begins with the introduction of fundamental definitions and mathematical tools.
Next, we present the concept of long-memory processes. Finally, we touch on the

Hellinger estimator and the concept of LAN.

1.1 Stochastic processes and periodicity

Definition 1.1 (Stochastic process). [54] A stochastic process is a collection of
random variables { Xy, ¢ € T} defined on a probability space (2, A, P), where T is an
index set (usually representing time). For each fixed ¢ € T', X; is a random variable,

and for each fixed w € Q, {X;(w),t € T'} is a realization or path of the process.

Definition 1.2 (Time series process). [83] A time series process is a stochastic
process {X;,t € T}, where T is a set of time indices (typically T C Z), and X; is a
random variable representing the observation at time ¢. The process is characterized
by its temporal ordering, and the dependence structure between observations at
different times is often of primary interest. In practice, a time series is observed as

a finite sequence { X1, Xo, ..., X,,}, where n is the number of observations.
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1. GENERALITIES

Definition 1.3 (White noise). [83] A white noise process is a sequence of zero-
mean, generally uncorrelated random variables {e;,t € T}, where T is a set of time
indices (typically " C Z). If this sequence is Gaussian, then the process is also

independent. Formally, a process {e;,t € T'} is called white noise if:
o Elg;]=0forallteT.
o Var(e;) = o’ forallt € T.
e Cov(ey,es) =0 forallt,s € T with t # s.

If {e:,t € T'} is Gaussian, then the process is called Gaussian white noise.

Definition 1.4 (Strict stationarity). [83] A stochastic process {X;,t € T} is

said to be strictly stationary if the joint distribution of any finite collection of random

variables { Xy,, X4, ..., Xy, } is the same as the joint distribution of { Xy, 1, Xtoiny - Xi,in}

for any integer h. In other words, the statistical properties of the process are invari-

ant under time shifts.

Definition 1.5 (Weak stationarity). [83] A stochastic process {X;,t € T'} is said

to be weakly stationary (or second-order stationary) if:
e The mean E[X}] is constant over time.
e The variance Var(X}) is finite and constant over time.

e The autocovariance function vy(h) = Cov(Xy, X¢y1) depends only on the lag h

and not on t.

Weak stationarity is a less restrictive condition than strict stationarity, as it only
requires the first two moments (mean and variance) and the autocovariance function

to be time-invariant.

Remark 1.1. A process that does not satisfy the conditions of stationarity is called
non-stationary. Non-stationary processes often exhibit trends, seasonality, or other

time-dependent structures.
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1. GENERALITIES

Definition 1.6 (Autocovariance function). [83] The autocovariance function of

a stochastic process {X;,t € T'} is defined as
Yx(t, 1) = Cov(Xy, Xp) = E[(X; — E[X])(Xy — E[Xy])],
where E[X] is the mean of the process.

Definition 1.7 (Autocorrelation function). [83] The autocorrelation function

(ACF) of a stationary stochastic process {X;,t € T'} is defined as

_ ()
p(h) = (0)’
where

e y(h) = Cov(Xyip, X;) is the autocovariance function at lag h,

e 7(0) = Var(X}) is the process variance (constant under stationarity).

Proposition 1.1 (Properties of the autocorrelation function). For a station-
ary stochastic process {X;,t € T}, the autocorrelation function satisfies the follow-

ing properties:
e p(0) =1 (normalization).
e p(h) = p(=h) (symmetry).

e [p(h)| <1 for all h (boundedness).

Definition 1.8 (Periodically correlated processes). [31] A stochastic process
{X}i,t € T} is said to be periodically correlated (or cyclostationary) with period

p > 0 if its mean and covariance functions are periodic with period p, where
e The mean function satisfies E[X;,,] = E[X;] for all .

e The covariance function satisfies y(t + p, s + p) = (¢, s) for all ¢, s.
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1.2 Mathematical tools

Definition 1.9 (Lag perator (L)). [83] For any time series observation X;, the

lag operator L is defined as
X, =X, ; for jez,
where L’ represents the lag operator applied j times, and L is the identity operator

(L°X, = X,).

Remark 1.2 (Forward operator (F')). The forward operator F'is the inverse of
the lag operator L and is defined as

FIX; = X;y; for jeZ,

where FV represents the forward operator applied j times. The inverse relationship
is explicitly given by
L'=F and F'=L

In particular, L7'X, = FX, = X1

Definition 1.10 (Gamma function). [1] The gamma function, denoted by I'(z)
where z € R, is defined for Re(z) > 0 by the integral

[(z2) = /Ooo t*=~te~tdt.
It satisfies the following functional equations:
1. I'(z+1) = 2I'(2).
2. T(1—2)=—2I'(—2).

3. Forj=1,2,3,...,
[(—z+7) _ (_1)jF(z —j+1)
['(=2) P(z)
Remark 1.3 (Gamma function’s role). The gamma function is essential in ex-
tending discrete mathematical operations, such as factorials, to continuous and non-

integer domains.
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1. GENERALITIES

Definition 1.11 (Fisher information). [103] Let X be a random variable with
probability density function f(z;6), where z € X and € is an unknown parameter.

The Fisher information 7(0) is defined as
9] |

o 2
(89 log f(X;0)>
|

If X does not depend on 6, this is equivalent to
The Fisher information quantifies the amount of information that X carries about

1(0) =E

2

9 log £(X;0)

1(6) = -E | 5

the unknown parameter 6.

A larger value of I(6) indicates greater precision in estimating 6.

1.2.1 Inequalities
1.2.1.1 Probabilistic inequalities

Theorem 1.2 (Markov inequality). [61] Let X be a non-negative random vari-
able, and let a > 0. Then,

E|X
P(X >a) < [ ]
a
Theorem 1.3 (Chebyshev inequality). [61] Let X be a non-negative random
variable, and let g be a positive, monotonically increasing function defined on R.

Then, for any a > 0,

E
P(X >a) <

Theorem 1.4 (Borel-Cantelli lemma). [21] In probability theory, the Borel-Cantelli
lemma, sometimes also called the Borel-Cantelli theorem, concerns a sequence of

events. Let {A,},>1 be a sequence of events in a probability space (Q, A,P). If

> P(A,) < o,
n=1

then
P (lim sup An) = 0.

n—o0

This means that the probability of infinitely many A, occurring is zero.
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Theorem 1.5 (Prakasa-Rao inequality). [76] Let E be a set, and let (0,,(x,y))
be a sequence of positive functions defined on E X E. Let i be a measure such that

for every v > 0,

lim su
m—0o0

{y:lz—yl<v}

zelR

Then, for any n > 0,

Sm In(m) Sy In(m)n?
Pllgn(z) — E|g, > ——] <2 — |,
(|g (@) ~ Elga ()| > 2 ) o (-0
where
e go(z) = = é(z, X;) is a non-parametric estimator of the conunon density g

i=1
of the observations X;.

e supg(z) < M < 0.
zeE

e ¢y > 0 is a constant such that sup O, (z,y) < coSy, < 00.
z,yeE

. o Sm In(m)
e s, Is a sequence satistying s,, — oo and ————
m

— 0 asm — 0.

1.2.2 General Inequalities

Theorem 1.6 (Holder inequality). [103] Let X and Y be random variables, and

1 1
let p,q > 1 such that — + — = 1. Then,
P q

E[XY) < (E[XP)"" E[Y)))".

Theorem 1.7 (Cauchy-Schwarz inequality). [103] Let X and Y be random

E|IXY] < VEIX?E[Y?]

Theorem 1.8 (Fatou’s lemma). [61] Let {X,, },en be a sequence of non-negative

variables. Then,

random variables. Then,

E [lir{gg.}f Xn} < lim inf E[X,,].

n—o0
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o
Theorem 1.9 (Cauchy criterion for series). The series Z a, converges if and

n=1
only if for every e > 0, there exists a positive integer N such that for allm > n > N,

< €.

m
Z a;
j=n

1.2.3 Convergence in probability theory
1.2.3.1 Convergence Theorems

Theorem 1.10 (Monotone convergence theorem). [61] Let {X,,},>0 be a se-
quence of non-negative random variables that is monotonically increasing and con-

verges almost surely to a random variable X, i.e.,
X, = X almost surely.

Then,
lim E[X,]| = E[X].

n—o0

Vitali’s theorem [76]

Before stating the Vitali theorem, we first provide the definition of p-equi-integrability
for a sequence of functions. Let the space LP((0,7); x) be defined as follows

T
LP((0,T); x) = {u :(0,T) — x measurable ;/ [u(®)][} dt < oo}, 1 <p<+oo,
0

where (0,7) denotes an interval.

Definition 1.12 (p-equi-integrability). Let 1 < p < +oo. A sequence of func-
tions (gn)nen in LP((0,7); x) is said to be p-equi-integrable if it satisfies the following
condition: for every € > 0, there exists 6 > 0 such that for all n > 1 and for every

measurable subset A C (0,7") with |A| < J, we have

J gl dt < e,

where || - [} is a norm on x.
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Theorem 1.11 (Vitali’s theorem). Let 1 < p < +00. If (¢, )nen is a sequence in
LP((0,T); x) that converges almost everywhere to g, then

gn — g in LP((0,T); x)

if and only if (g, )nen is p-equi-integrable.

1.2.3.2 Convergence modes

Definition 1.13 (Convergence in distribution). [54] A sequence of random vari-
ables { X}, }nen converges in distribution to a random variable X, denoted X, 4 x ,
if the sequence of cumulative distribution functions (CDF) {F, },en of X, converges

pointwise to the CDF F of X at all continuity points of F',

Lim F.(x) = F(x) for all x where F is continuous.

Definition 1.14 (Convergence in probability). [54] A sequence of random vari-
ables {X,, }nen converges in probability to a random variable X, denoted X, 2 X,

if for every € > 0,
lim P(|X, — X| > ¢€) =0.
n—oo

Definition 1.15 (Almost sure convergence). [54] A sequence of random vari-

ables {X,, }en converges almost surely to a random variable X, denoted X,, % X,
if
P(hnXﬁzX)zL

n—00

Definition 1.16 (L? Spaces). [61] For p > 1, the L” space is defined as
LP(Q, A, P) ={X : Q2 — R | X is measurable and || X, < oo},
where the LP-norm is given by
X1, = (BIX[P)".

Definition 1.17 (Convergence in LP). [54] A sequence of random variables { X, } nen

converges in L? to a random variable X, denoted X, %X , if for p > 1,

lim E[|X, — X]”] = 0.
n—oo
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Proposition 1.12 (Relationships between types of convergence). The follow-

ing implications hold:

1. almost sure convergence =—> convergence in probability => convergence in

distribution.

2. convergence in I = convergence in probability —> convergence in

distribution.

1.2.4 Slowly varying functions

Definition 1.18. [82] A function ¢ : [a,00) — (0,00), where a > 0, is said to be
slowly varying if for any constant ¢ > 0,

lim ((cx)

5 U(r)

= 1.

Examples:
e /(x) =log(x) is a slowly varying function.

e /(x) =b, where b is a positive constant, is also a slowly varying function.

1.2.5 Stochastic 0o and O symbols

In asymptotic statistics, the symbols op and Op are used to describe the behavior of
sequences of random variables as the sample size n tends to infinity. These notations
are fundamental for characterizing stochastic convergence and boundedness. For all

that follows, see [103].

Definitions

1. op(1): A sequence of random variables X, is op(1) if it converges to zero in

probability.i.e., for every e > 0,
P(| X, >€¢) —0 as n— oo.

This denotes terms that become negligible in probability as n grows.
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2. Op(1): A sequence of random variables X, is Op(1) if it is bounded in prob-

ability. i.e., for every € > 0, there exists a constant M such that
P(|X,| > M) <e forall n.
This denotes terms that are stochastically bounded.

3. General op and Op Notation: For a sequence of random variables R,,, X, =
op(R,) means X, = Y, R, where Y, £ . Similarly, X,, = Op(R,) means
X, =Y, R, where Y,, = Op(1).

Properties of op and Op
The following properties hold for op and Op,
op(1) +op(1) = op(1), op(1)+Op(1) =Op(1), Op(1)op(l) =op(l),

(1 + Op(l))—l = Op(l), Op(Rn> = RnOp(l), Op(Rn) = RnOp(l)

Lemma 1.2.1 (Stochastic o and O symbols) Let R be a function defined on a
domain in R* such that R(0) = 0. Let X,, be a sequence of random vectors converging

in probability to zero. Then, for every p > 0,
1. If R(h) = o(||h||P) as h — 0, then R(X,) = op(||X,||").
2. If R(h) = O(||h||”) as h — 0, then R(X,) = Op(|| X.||")-

This lemma is essential for analyzing the asymptotic behavior of remainder terms

in stochastic expansions.

1.3 Long memory processes

Let v(h) = (X, Xi1n) be the autocovariance function at lag h of the stationary
process {X;,t € Z}. A usual definition of long memory is that

i [v(h)| = <. (1.1)

h=—00
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However, there are alternative definitions. In particular, long memory can be defined

by specifying a hyperbolic decay of the autocovariances
v(h) ~ h*7 (h), as h — oo, (1.2)

where d is the so-called long-memory parameter and ¢;(-) is a slowly varying func-
tion.

Long-memory processes include a variety of models. Among these, self-similar
processes, such as fractional Brownian motion and its increments (fractional Gaus-
sian noise), are foundational, characterized by their scaling properties and Hurst
parameter. Another class includes Gegenbauer ARMA (GARMA) processes, which
extend traditional ARMA models to incorporate cyclical long-memory behavior
through Gegenbauer polynomials. Additionally, aggregated AR(1) processes gen-
erate long-range dependence by combining multiple autoregressive processes with
heterogeneous coefficients, a method that is particularly useful in economics. Euler
processes, defined through logarithmic integrals, offer another mathematical frame-
work for modeling long-memory behavior. Finally, Fractionally Integrated ARMA
(ARFIMA) processes are a highly versatile and widely used class of long-memory
models. ARFIMA models are a generalization of ARMA processes, introducing
fractional differencing to allow for the modeling of both short and long-range de-
pendencies. They are a natural generalization of the ARIMA (p, d,q) models (see
[40] for more details on those models’ historical development). If we allow the pa-
rameter d to take any value between —; and 2 the ARFIMA process is defined
by (for the sequel, we refer to [82] and [103])

B(L)(1 — L)X, = 0(L)z, (1.3)

where ¢(L) = 1+ oL+ --- + ¢,LF and (L) = 1 + 6L + --- + 6,L7 are the
autoregressive and moving average operators, respectively; ¢(L) and 6(L) have no
common roots, L is the lag operator, d is a real number, and the polynomial (1 — L)d

has the expansion

(1—L)d:1+id(d_1)'”(d_‘j+1)

> i (—1)L7. (1.4)
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{e,,t € Z} is a white noise sequence with zero mean and finite variance o>,

Using the gamma (I'(+)) function, we can write a concise form of (1.4) as

(1—L)= iWUL

The ARFIMA process has the following key properties:

1. Causality: The process defined in (1.3) is causal if the roots of ¢(L) lie outside

the unit circle. This ensures:
o0
X, =) e,
Jj=0

where v; are determined by

g BTG +d)
T o(L) T(d)j

2. Invertibility: The process defined in (1.3) is invertible if the roots of §(L) lie

outside the unit circle. This ensures:
oo
&t = Z Ty Xt*]ﬁ
j=0

where 7; are determined by

¢(L) (G —d)

YT o(L) T(=d);
3. Stationarity: The process presented in (1.3) is stationary if:

e d<0.5,

e The roots of ¢(L) lie outside the unit circle (i.e., the process is causal).
For d > 0.5, the process is non-stationary.
4. Long-memory behavior:

e For d € (0,0.5), the process exhibits long-memory, with autocorrelations

decaying hyperbolically

p(h) ~ Ch*™'  as h — oo.
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e For d € (—0.5,0), the process exhibits anti-persistence, with faster decay

of autocorrelations.
e When d = 0, the ARFIMA process reduces to an ARMA(p, ¢) process

o(L)X, = 0(L)ey.

e When d is an integer, the ARFIMA process becomes an ARIMA(p, d, q) process

S(L)(1 — L)X, = 0(L)e,.

1.3.1 ARFIMA(0,d,0) processes

The ARFIMA(0,d,0) process, also denoted as FFAR(1) by Serroukh (1996) [94], is
defined by
(1-L0)'X, = ¢, (1.5)

1 1
The process admits a unique stationary solution for —3 <d< 2 given by

0o
Xt = Z Q/)jgt—jv
=0

whith
['(j+d)

Vi = T(j+ 1)I(d)

Autocovariance and autocorrelation functions

The autocovariance function o(h) of the ARFIMA(0, d,0) process is

, T(1—2d) T(h+d)

W) = T T+ h—d)

and the autocorrelation function pg(h) is

I'1—d) T(h+ad)

) = Tt

34



1. GENERALITIES

Classification of the process

Consider a process {X;,t € Z} defined by equation (1.5). For such processes, we
have the following classification:
e Stationarity: {X;,t € Z} is stationary if Z %2- < 0.
7=0

e Memory properties:

— Short memory: »_ |¢;] < oco.
=0

[e.9]
— Long memory: »_ |¢;] = oco.
=0

e Non-stationarity: {X,,¢ € Z} is non-stationary if » 1/)? = 0.
=0

Asymptotic behavior

1. Coefficients 1);: As j — oo, the coefficients 1; behave as

jd—l

I'(d)’

Yj ~

This hyperbolic decay is slower than exponential decay, characteristic of long

1
memory when 0 < d < 5

2. Autocovariance 7y(h): For large lags h, the autocovariance function 7o(h)

satisfies

) T(1=20) o,
T1-drd)

This shows that the autocovariance decays hyperbolically as h — oc.

Yo(h) ~ o

3. Memory and stationarity:

1
e For d < 2 the process is stationary.
e For d <0, the process has short memory.

1
e For 0 <d< > the process has long memory.
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1.4 Estimation in long memory processes: mini-

mum Hellinger distance estimation

Estimation in long-memory processes has been a central topic in time series anal-
ysis, with the memory parameter d historically being the primary focus of interest
due to its role in characterizing long-range dependence. However, the estimation
of other model parameters and the development of robust methodologies have also
garnered significant attention. Classical methods for estimation in long-memory
models include the maximum likelihood estimation (MLE), which provides efficient
estimates under Gaussian assumptions; the Whittle estimation, a frequency-domain
approach that approximates the likelihood and is computationally efficient; and the
moment-based methods, such as the rescaled range (R/S) statistic (for more details
and other methods, see [82]). The conditional sum of (CSS) estimator, introduced
by Box and Jenkins (1970)[10], is another classical method, particularly used for
ARMA and ARFIMA models. It minimizes the sum of squared conditional residu-
als, providing a computationally efficient alternative to MLE. However, it may be
less robust in the presence of contaminated data (observations containing outliers,
errors, or noise) or model deviations (situations where the true data-generating pro-
cess, i.e., the underlying process that produces the data, differs from the assumed
model). These methods have been widely studied and applied, offering versatile
tools for analyzing long-memory processes. Although these methods are widely ap-
plicable, they are not always the most appropriate, especially when encountering
non-stationary processes. In such cases, these methods may become either non-
applicable or difficult to apply, and the asymptotic properties of the estimates may
become challenging to study. To address these challenges, the minimum Hellinger
distance estimator (MHDE) offers a robust and efficient alternative, designed to
perform well even under deviations from standard assumptions.

The Hellinger distance, introduced by Ernst Hellinger in 1909, is a metric defined

for two probability measures P and ) on a measurable space (X, .A). It is given by
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[72] as
i - (- )

where VdP and d@) are the square roots of the densities of P and () with respect
to a dominating measure p (for example, the Lebesgue measure for continuous dis-
tributions).

The MHDE minimizes the Hellinger distance between the empirical distribution P,
of the observed data and the parametric model distribution F. Formally, given a
parametric family {Py : § € ©}, where © is the parameter space, the MHDE is
defined as

OviupE = arg I(}leiél HD*(P,, Py).

This estimator seeks to find the parameter 6 that makes the model distribution Py as
close as possible to the empirical distribution P, in terms of the Hellinger distance.
Historically, the Hellinger distance gained prominence in statistics through the work
of Kakutani (1948) [58], who used it to study the absolute continuity of product
measures. Later, Kraft (1955) [65] and Matusita (1955) [74] further developed its
applications in statistical inference. The MHDE was formally introduced by Be-
ran (1977) [8] for parametric models, who established its robustness properties.
Specifically, Beran showed that the MHDE is asymptotically efficient under the true
model, achieving the Cramér-Rao lower bound, and remains consistent even under
slight deviations from the assumed model, making it a robust alternative to MLE.
The asymptotic properties of MHDE, including consistency and asymptotic normal-
ity, further improve its applicability to ARFIMA models, where the slow decay of
correlations can complicate the behavior of estimators. Later, Tamura and Boos
(1986) [99] extended the MHDE to multivariate processes, enabling its application
to higher-dimensional and more structured statistical frameworks, such as multivari-
ate distributions, regression, and time series models, while preserving its robustness
and efficiency properties. More recently, Mbeke (2019) [76] constructed MHDE for
several multivariate stationary long-memory processes (see [72] for more historical
background and [110] for the mathematical development of MHDE for parametric

models, multivariate models, and others).
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1.5 Local asymptotic normality

Local asymptotic normality (LAN) describes how parametric statistical models
behave in small neighborhoods around the true parameter value 6, as the sample
size n increases. The sequence of models {Fy,}sco has the LAN property if the

log-likelihood ratio process can be approximated quadratically

dP, ., 1
log [ ——foth/vrn ) _ pTA _ ZpTI b 1
o8 ( dP@o,n 2 o + OP( )7

where A,, ~» N(0, Iy,) and Iy, is the Fisher information matrix. This means that,
locally, the statistical model behaves like a Gaussian shift model N (h, I, ").

A standard example is when we observe n i.i.d. samples from a regular parametric
model (such as normal distributions), where the usual y/n-scaling leads to the LAN
approximation. The following subsections rigorously develop these ideas, building

on the foundational contributions of [72] and [103].

1.5.1 Statistical experiment framework

Consider a statistical experiment & = {P, : § € © C R*} defined on a sample
space (X, A). Given n i.i.d. observations, the joint model is the product experiment
E,=A{Fy 0 €06}

Under regularity conditions, &, admits a local asymptotic normal approximation

around a fixed 6y € © via the reparametrization
h=+/n( —6y), forhecR"

This yields the localized experiment £, = {Pgnyym € R*}.

1.5.2 LAN expansion

Assume the densities py satisfy the following:

1. log pe(x) is twice differentiable in 6.
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9” log po
00007

2. The Fisher information matrix Iy, = —Eg, l ] is positive definite.

0=09

Then, the log-likelihood ratio process admits the quadratic approximation

dP9n h/\/n 1
log C;;(?/f = hTAL(0)) — 5hTIQOh + o (1), (1.6)
0
where
o A,(6y) = 1§~ 9losps (X;) is th score vector, satisfying A, (6p) A
Vi 00 |, ’

N(0, Iy,) under Fj by the central limit theorem.

e The remainder term opy (1) converges to zero in probability.
0

1.5.3 (Gaussian approximation

The LAN expansion (1.6) implies that &, is asymptotically equivalent to the Gaus-

sian shift experiment

G={N(h,1;") : h € R},
where the log-likelihood ratio for G is

dN (h, 1"

1 N 7Y% 7
%8 AN(0, 1,7

1
(X)=h"Is X — §thgoh.
This equivalence follows from matching:

e The linear term h' A, () corresponds to h' Iy X.

1
e The quadratic term —§hTIQOh is identical in both models.

1.5.4 Implications for inference
Theorem 1.13 (Asymptotic efficiency under LAN). Under LAN conditions:
1. The MLE 0, satisfies \/n(f, — 6,) 5 N (0, I,.").

2. Any regular estimator sequence has a limiting distribution that is a convolution

of N'(0, I;;") with another distribution (Héjek-Le Cam convolution theorem).
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CHAPTER 2

FRACTIONAL PERIODIC
AUTOREGRESSION

2.1 Introduction

The present chapter highlights the initial probabilistic properties of a new class
of fractional autoregressive models, developed based on the model given in 1987
by Gongalves [33]. We introduce the periodicity in the structure of the stochastic
equation of the classical model, providing it with the periodicity property. We give it
causality and invertibility conditions; then we show that the process that satisfies the
model is non-stationary and prove that it can be defined as periodically correlated.
We also present the periodic autocovariance and autocorrelation functions with their
asymptotic forms and behavior.

We give a graphical study at the end to visualize the main results and extract the

effects of introducing the periodicity.
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2. FRACTIONAL PERIODIC AUTOREGRESSION

2.2 Fractional process with periodic coefficient

2.2.1 Definition and notations

A stochastic process { X;,t € Z} is said to be the fractional process with a periodic

coefficient if it has the following representation
(1—a L)X, = ¢, (2.1)
where
e L is a lag operator (L' X; = X;_;).
e (a4, d) are unknown parameters; d is not necessarily an integer.

e The innovation process {g;,t € Z} denotes a sequence of independent and

identically distributed random variables with zero mean and finit variance o2

We consider the series of fractional operator A,(L) = (1 — a,L)*. Using the

binomial series, we develop it formula as follows

A(L) = (1—aL)

In this work a; is assumed to be periodic with period s € N; thus, we have the

following:
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2. FRACTIONAL PERIODIC AUTOREGRESSION

forallt € Z, Ji € {1,...,s} and M € Z such that t = i+sM and so a; = a;yspr = @i,

from which it results

A0) = 3 Tlgeln = S @p.
with
I'Gj—-d)
M—dT( + 1% (22)

Same as A,(L), we reformulate its inverse operator given by A}(L) = (1 — a,L)™*

IL;(i) =

and we get
L' +d) -
AL(L) = —all) =Y W;(i)L,
! jz:% ['(d)g! jz:% !
with
'g+d
210 Urd) o (2.3)

(I) The process defined by the relation (2.1) has an infinite moving average repre-

1
sentation (M A(o0)) if |a;] <1 or a; ==+1 and d < 5 as follows

Xivsrr =Y V(0)eirsrr—;- (2.4)
=0

(IT) The process defined by the relation (2.1) is invertible, and it can be written
under infinite autoregressive representation (AR(c0)) if |a;] < 1 or a; = 1 and

1
d > —; as follows
eivsrr = Y 1Li(0) Xigsnr—j- (2.5)
=0
We can now write (2.1) in the following form

(1 - aiL)dXHSM = Ei+sM- (26)

2.2.2 Causality and invertibility condition

Considering the model given in (2.6), from the univariate process {X;,t € Z},
presented by (2.4), we can form a multivariate process {Yy;, M € Z} by forming
s—dimensional vectors of s consecutive X's as follows

Y =Y ¥inu-_j, (2.7)
§=0

such that
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2. FRACTIONAL PERIODIC AUTOREGRESSION

E14sM X1+sM
€24sM Xotsm mi(l) 0 0
Ny = . , Yy = . , 0 \Ilj(2) 0
=1 .
0 0
Es+sM XS+SM 0 0 \Ijj (5>

this transition to a vectorial form and the results of Serroukh [94] enable us to
consider a sufficient condition of causality and invertibility.
From Serroukh [94], we distinguish the behavior of the moving average coefficients
(W;(¢)) and the autoregressive coefficients (I1;(¢)) according to the values of a; and

d.

If a; = a = constant, then
e For |a| <1, ¥;(7) and II;(7) are summable.
e Fora ==+£1

— if d < 0 ¥, (7) then are summable.

1
—if0<d< 5 then W, (i) are not summable but square summable.

1
—ifd > 3 then W, (i) are neither summable nor square summable.
— if d > 0 then II;(7) are summable.

1
— if —5 < d < 0 then II;(7) are not summable but square summable.
1
—ifd < ) then II;(4) are neither summable nor square summable.

So the sufficient condition of causality and invertibility is that Vi = {1, ..., s}, |a;| < 1

1 1
;i =xland ——<d< =
or a an 5 5

Remark 2.1. For the remainder of the paper, we suppose that for all i = {1, ..., s},
la;] < 1 and d € R.

Proposition 2.1. Let {X;,t € Z} be a process satistying the stochastic equation
(2.6); Yi = {1,...,s} if |a;| < 1, each component of {Yy, M € Z} is causal and
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2. FRACTIONAL PERIODIC AUTOREGRESSION

invertible, and the infinite series Z U, (i)eirspm—; and Z I1;(4) Xitsn—j converge in
7>0 7>0
root mean square.

Proof 1 Forall M € Z,i ={1,...,s}, the coeﬁcicz'ents (2.3) and let T and R be two

positive integers such that T' < R, we define Sp = Z VU,(i)eirsm—; and we calculate

7=0
E[|Sg — Sr|?] as follows
E[|Ss — Si*] = |Z\Ij )EitsM—j Z\Ij i)EitsM- ]| ]
R R
= E[ Z (\I’j(i))25?+sM—j+ Z W (1) W5 (0)€igsM—kEitshi—j]
j=T+1 kj=T+1,k#j
R
= o* > (i)
j=T+1

if we write j =1+ sM, 1 ={1,...,s}, with easy simplifications, we get

E[|Sg — Sr|*] = 0> Z (Prpsnr(4))?,
=1 M=[L]+1

by Cauchy’s criteria, it is easy to show that

o?y Z (Wrrsn(i))? < oo foralli = {1, ..., s}, hence the series >  V;(i)eiysnr—;
=1 M=[Z]+1 320
converges in root mean square.

Proving the convergence ofz I1;(4) Xitsn—j is analogous.
Jj=0

2.3 Autocovariance and autocorrelation functions

Let {X;,t € Z} be a process satisfying the stochastic equation (2.6); the covariance
function of {X;,t € Z} is defined by

cov(Xy, Xevn) = E{(Xy —E(Xy))(Xign — E(Xean))}

= E {(Z Wj(t)e—s) (D W,(t + h)gt”‘j)}

Jj=0 Jj=0
3>0
= o° > U;(t)¥;(t + h).
7>0
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2. FRACTIONAL PERIODIC AUTOREGRESSION

We can see that there is a t figuring in the final form of the covariance function.
This signifies that the process {X;,t € Z} is non-stationary (when a; = a it is simple
to check that {X;,t € Z} is stationary).

A specific category of non-stationary processes is characterized by periodic au-
tocovariance functions. Introduced by Gladyshev in 1961 [31], these processes are
formally known as periodically correlated processes or cyclostationary processes.
They exhibit structured non-stationarity, where statistical properties such as the
mean and autocovariance vary periodically over time. This remark leads to the

following proposition.

Proposition 2.2 (periodically correlated process). Let {X;,t € Z} be a pro-
cess satistying the stochastic equation (2.6), {X;,t € Z} is a periodically correlated

Process.

Proof 2 The proof of the proposition 2.2 is grounded on two points:

(1) From the infinite moving average representation (2.4), it is clear that

E(Xt+sM) - 0 - E(Xt)
(1) We have

I'(j+d) T +ad)

U= G+ )™ = T@rg + )

at+5M = g[j(t + SM),
we denote by 7, (t) the autocovariance function, and we have

Yot +sM,t+sM+h) = E[(Xpon — E(Xirom))(Xirsmren — E(Xipsnrtn))]

= E[Q Ut + sM)errsn—;) (O W;(t + sM + h)ersnrin—j)]
>0 >0

= 02 W(t+sM)V;(t+sM+h)
>0

= 0% W)Wt + h)
>0

= ”yx(t, t+ h).

Both E(X;) and v,(t) are periodic with the same period of a; from (i) and (ii) with

la;| < 1, so we say that {X;,t € Z} is a periodically correlated process.
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2. FRACTIONAL PERIODIC AUTOREGRESSION

Notation

We set 7, (t,t + h) = ~.(h) where t =i + sM.
Remark 2.2. (2.7) is the stationary form of the process {X;,t € Z}.

Proposition 2.3. The autocovariance and autocorrelation (denoted by p'.(h) ) func-
tions of the process {X;,t € Z} satisfy

, I'(d+h
i (h) = ol

R i d b b 1 agai),
TR AL i)

i (h) = o I(d+h)F(d,d+ h,h+1,a;a:41)
Pl = e R T (h+ DF(d d, 1a?)

when h tends to +o0o, we have

: 2 h R

i) ~ o2d!
71( ) o az+h1—\(d)(1 _ aiai—&-h)d’
) hd—l
(R ~ h
px( ) aH_hF(d)(l — aiai+h)dF(d,d 1 a2)7

YA A )

where F' is the hypergeometric function.

Proof 3 We found in the proof of the proposition 2.2 that the autocovariance func-

tion can be written as follows

Yolh) = o3 W(0) (i + h)
— 2Y PG+dTG+d+h) 5 en
B T(d)T (G + DDA (G +h+1)

320

e (i) The expression v-(h) is obtained immediately from the form provided ear-
lier, after having used the appropriate properties of the hypergeometric function

[1] such that

I'(h+1) 5 L(d+ j)T(d+ h+ j)
T(d)(d+h) = T(h+ 14 )G +1)

320

F(d,d+h,h+1,a;a;4p) = (a:0:41).

e (ii) The autocorrelation function is found by dividing v.(h) by v.(0) such that

7:(0) = Var(X;) = 0°F(d,d, 1,a?).
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e (iii) For the approzimations of v.(h) and p.(h) (when h tends to +00), we

consider the Schepard formula to replace lm and

F(d,d+ h,h+ 1,a;a;1p) by their approzimate values [34] defined by

T'(h+ d)

~ hd—l
I'(h+1) ’

and
1

F(d,d+h,h+1,a;a;44) ~ A=)
— Wili+h

Remark 2.3. In the previous proposition, we see that +%(h) is derived in terms of

a;, i = {1,...,s}, so in order to clarify the effect of the periodicity on it, we must

specify its formula in terms of various values of s where s € N.

2.3.1 Periodic fractional autoregressive model with period

seN

In this subsection, we detail the results of proposition 2.3 for various values of a;,

i ={1,...,s}. We begin with a general value of s where s € N.

Proposition 2.4. Let s € N, for each i € {1,...,s} and k € N the autocovariance

functions of the model (2.6) are given by

5 L(d+h)

Ua”lmF(dadJrh,h-F1,Cbiai+1)a if h=1[s],

; I'(d+h) _ B
’)/z<h) = U2a?+kmp(d, d + h, h + 1, aialqu), Zf h= k)[S],
T(d+ h)
2 _h
7 s T(@)D(h + 1)

F(d7d+hah+1aaiai+s)> @f hES[SL
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2. FRACTIONAL PERIODIC AUTOREGRESSION

Furthermore, the autocorrelation functions are given by

h F(d+h> F(d,d+h,h+ ].,CLz‘(lH_l)

, f h=1
az-i-l F(d)F(h + 1) F(d, d, 1, a?) ) Zf [S]a
i . h ) ) ) + —
px(h) = az-i—kr(d)F(h + 1) F(d, d, 1, 0%2) ) Zf h = k’[S],
h ) ) ) + —
. h= .
G+l Fddia) 0 W =l

b R )

Proof 4 Same as (i) and (ii) in the proof of the proposition 2.35.

Corollary 2.1. Using the standard approximation derived from Stirling’s formula
for large h and according to the proposition above, the approximations of the func-

tions are given by.

5 n hd—l
. ) h=1
g aH_lF(d)(l — aiaiﬂ)d’ Zf [S],
) hd—l
'(h) ~ 2qh f h=k
ﬁYx( ) 9 az+k F(d)(l _ aia/iJrk)d’ 7’f [SL
hdfl
2ql ) h =
N T if s[s],
and
hdfl
h if h=1[s],

P B A

YT (1 — awasr)iF(d, d, 1, a2)

] hd-1
L (h) ~ h f h=k
p:v( ) a’l+kr(d)(1 _ aiai+k>dF(d, d, 170112)7 Zf [8]7
hd—l
h if h=s[sl.

Y T(A) (1 — asaiee)iF(d, d, 1, a2)

) Piad A

Proof 5 Analogous to (iii) of the proof of the proposition 2.3.
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2. FRACTIONAL PERIODIC AUTOREGRESSION

2.3.2 Periodic fractional autoregressive model with period
s=2

This subsection deals with a particular case where we present the results for a

period s =2,ie.,i=1o0ri=2.

Corollary 2.2. For s = 2 theni = 1 or 2 the autocovariance functions of the model

(2.6) are given by

. D(d+h)

’Y;(h) =0’ ;F<d)g($jhl))

F(d,d+h,h+1,a7), if h even,

F(d,d+ h,h+1,aai+1), if h odd,

also the autocorrelation functions are represented by

w L(d+h) F(d,d+h,h+1,a?)
=) “T@IG+) FddT@)
P o ah F(d+ h) F(d,d+ h,h+ 17aiai+1)

(A (h+ 1) F(d,d,1,a?) ’

) »

if h even,

if h odd.
Proof 6 This is similar to the proof of the proposition 2./.

Corollary 2.3. According to the corollary 2.2, when h — 400 we have

) alhhd—l )
' g W, Zf h even,
7;<h) ~ ) ah_i_lhdil
. f h odd
7 F(d)(l - CLZ'CLH_l)d’ Zf oaa:

in this limiting case, (h — o), the autocovariance function shows a sort of hyper-

bolic decay; furthermore, we have

alh?-1
P(d)<]' - azz)dF<d7 d? 17 azz) ’
aj ht
F(d)(l — OJZ'CLH,l)dF(d, d, 1, aiaiﬂ) ’

. if h even,
pz(h) ~

if h odd,

Proof 7 In one hand to deduce the asymptotic behavior of the autocovariance func-
tions, we consider Sheppard formula, we have

T'(h + d)

~ hd*l
I'(h+1) ’
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and
1
F(d,d+h,h+1,a;a;41) ~ 0= aa )t
— QiQy1
L i Yo (h) -
on the other hand, it is known that p.(h) = 2i(0)’ so by dividing each of the

autocovariances by
i (0) o*F(d,d,1,a?), if h even,
Va =
U2F(d7 d7 17 aiaiJrl)a Zf h Odd:

we find the given result.

Proposition 2.5. The autocovariance function presented in the proposition 2.3
satisfies the following recurrence relation for every h € Z, i = {1,...,s} and for

(i +h) = k[s]

1 I(@T'(h—-1)
o2al T(d+h)

1 T(d)T(h—1) [ h

‘(h—2
o2aj s T(d+h—2) |aa, + 1] & )+

(d+h—1)(h — d)(aar)
(h — 1)aar, + (h — 1)

d+ h)a; ,
_ h(aiak+1)+<+>aak] ;

h
I Ve (h)+

1 T(d)T(h+3) [(h +1—d)(h+d+1)(h—d+ 2)(a;ax)?

“(h+2) =0.
aQa’,:,Ig ['(d+h+2) —(h +2)(a;ar + (b + 1)) ] %l )

Proof 8 Let the following expression, which is derived using Gauss contiguous re-
lations:

b(c—a)

C

(c—=1)F(a,b—1,c¢—1,z)+(az—bz—c+1)F(a,b,c, z)+ F(a,b+1,c+1,2) = 0.

(2.8)
In (2.8), if we replace F(a,b—1,c¢—1,z) and F(a,b+1,c+1, z) by their forms such
that

—1
(az—(b—1)z—(c—1)+1
b—1(c—1—a)
c—1

Fla,b—1,c—1,z) =

(c—=2)F(a,b—2,c—2,2)+

zF(a,b,c,z), and,
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—1
(az—(b—l—l)z—(c—i—l)—i—lc
(b+ 1)(c+1—a)z

Fa,b+1,c+1,2) = F(a,b,c,z)+

F(a,b+2,c+2,2),

c+1
after some simplifications, we get to
—(c—=1)(c—2)

F —2,c—2 F
(@b=2e=22)| 2D pabes
—(b—-1)(c—1-a)z —b(c—a)z

— by — 1 2.9
az—(b—l)z—c+2+<a2 FTer )+az—(b+1)z—c * (2:9)

Flab+2.c42,2) [—b(c—a)(b—i—l)(c%—l—i—a) 2] _0

cle+1)(az—(b+1)z—¢)
We set the followinga =d, b=d+h, c=h+1 and z = a;a;,p.
On an other hand we have

T(d+ h)

i _ 2 h F 1. a: ) ) =
7o (h) Ua’“F(d)F(h+1) (d,d+ h,h+ 1, a;ar), if i+h=Ekls],

. 1 I'(dI'(h+1
from which we write F(d,d+ h,h + 1,a;ax) = 7. (h) o2al (F)(d(—i-fjj) )

When we substitute each hypergeometric function in (2.9) by its expression such that

F(a,b—2,¢—2,z)=F(d,(d+ h) —2,(h+ 1) — 2, a;a;), and,

Fla,b+2,c+2,2) = F(d,(d+ h) +2,(h+ 1) + 2, a;a),

after some calculations, we find the result cited in the proposition 2.5.

2.4 Simulation

This section is devoted to a simulation view of the periodic form of the autoco-
variance functions.
We provide multiple figures for v’ (h) to examine the effects of the periodicity on
the process. For this purpose, we consider two different periods.
First, we take s = 2, where its theoretical results are presented in the corollary 2.2;
then we highlight the results of the proposition 2.4 and consider a period s = 4. For
each case, we examine several values of the parameters a;, i = {1, ..., s} and d.

In all the following figures we consider h = 100.
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We remark periodic patterns in subplots A, B, C and D of figure 2.1 and subplots
G and I of figure 2.2 caused by values of a; (i = 1 and ¢ = 2) near 1, and for ay > a4,
we can see that v2 > 72 in all subplots.
7% decays more slowly for a value of a; closer to 1, a hyperbolic form is shown in
subplots A, B and G confirming that the function decays more slowly on the bound-
ary of 1 and d around ;, and it decays more rapidly towards 0 for a value of a; far
from 1 and the other values of d.
In subplots C and D, the value of the parameter d is different from A and B. We can
see that d affects the behavior of the function, wherein subplot C we observe that
the curve of the function decreases nearly in the same way, but if we observe the
autocovariance values on the y axis for h = 0, it is considerably closer to 0 than in
subplot A, and it decays a little faster towards 0, but the periodicity is maintained.
As can be seen in the formulas that have been simulated, the autocovariance de-
pends jointly on a; (i = 1;2) and on the product asa;, and it’s evident that the
decrease is not always hyperbolic. This observation yields some further results, and
to illustrate them we have taken two more examples in subplots E and F, where the
value of a; is smaller than in the previous subplots.
These two subplots confirm the earlier findings. As the periodic coefficient ap-
proaches 0 (so that the product between them approaches 0), all the curves decay

exponentially towards 0 and we note an absence of any periodicity on the graphs.

Note that a hyperbolic decay of an autocovariance function means that the pro-
cess models phenomena with a long-memory, whereas an exponential decay indicates

that the process models phenomena with a short memory.
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Figure 2.3: Periodic autocovariance s = 4.

From the figure 2.3 for a period s = 4 we derive similar conclusions to those

previously derived for the figure 2.1 and 2.2.
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To demonstrate that the results hold for any s, not only for the even cases, we also

consider the case s = 3; the results are presented below.
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Figure 2.4: Periodic autocovariance s = 3.
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2. FRACTIONAL PERIODIC AUTOREGRESSION

From Figure 2.4, we deduce that the remarks are similar to the previous cases;

thus, the conclusions hold for all periods.

2.5 Conclusion

In this chapter we introduced a new class of fractional autoregressive models char-
acterized by the periodic form of the autocovariance and autocorrelation functions;
in other words, we introduced a periodic component to the stochastic equation that
defines the fractional autoregressive models, which allows us to model phenomena
that can exhibit either short or long-memory, depending on the value of the peri-
odic coefficient. We have shown that the process is non-stationary; rather, it belongs
to the known family of periodically stationary processes, and we have defined the
forms of the periodic autocorrelation and autocovariance functions together with
their asymptotic forms and behavior.

Finally, we examined our main results through a simulation study.

57



CHAPTER 3

ESTIMATION FOR THE STATIONARY
MULTIVARIATE FRACTIONAL
AUTOREGRESSIVE PROCESS

3.1 Introduction

The purpose of this chapter is to suggest estimation techniques suitable for non-
stationary processes since, on one side, classical methods may not be directly or
simply applicable, and on the other side, the estimates asymptotic theory can be
challenging to investigate. We apply a method that stands on optimizing the dis-
tance between two probability densities; the technique is recognized as a minimum
Hellinger distance estimate. We construct the estimation of the parameters for the
multivariate fractional autoregressive process, and then under some regularity as-
sumptions, we study its key properties. After that, comparing the estimate with a
classical one, we propose another estimate proven to be an analog of the maximum
likelihood estimate. The study is well-examined, and both estimates are tested in a

simulation approach.
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3.2 Stationary multivariate fractional autoregres-

sive model

Let {X;,t € Z} be the process satisfying (2.6).

Fori = {1,...,s}, weput 7 = (ay, ..., a,,d) € © C R**' 'and© = {0 € IE&SJF1/1H<1ia<>§s la;| <
1,d € R and a;.d # 0}.

We assume that we have a sample X; = (X7, ..., X,,) of length n, realizations of

the process. Additionally, we assume that n, the sample size, is consistent with the
time period s, i.e., n = sN; thus, M = {0,..., N — 1} such that ¢t =i + sM.
{X},t € Z} is a non-stationary but periodically correlated process; however, station-
arity is a crucial condition for the sequel. To achieve the stationarity of a periodic
process, one solution is to form the multivariate stationary process associated with
the initial non-stationary process.

Using the AR(00) representation given in (2.5) and for i = {1, ..., s}, we define the

following
E14sM Xl—i—sM
€2+4sM Xoysm HJ(l) 0 0
v = . ; Y = ‘ and 7o 0 IIj2) o0

J . 0 0

EstsM Xs+sM 0 0 Hj(S)
77M = Z HjYM—j- (31)
§=0

{na} is the multivariate form of the process defined in (2.5).

3.3 Parameters estimations

In what follows, we describe in detail the estimation techniques we have chosen.

We start with the MHDE and then briefly discuss the CSS estimate.
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3.3.1 The minimum Hellinger distance estimate

In this subsection, we will define an estimate of # and let it be denoted by éMm.
This estimator minimizes the Hellinger distance (H?) between the theoretical prob-
ability density of ), and a random probability density of the estimated 7, (referred
to as ;) denoted by f,(.) and f,(.) respectively; 8y, is hence named the Minimum
Hellinger Distance (MHD) estimate, and it is defined in the following form

QAMﬁn = arg Igéiél H2(fn; In)s (3.2)

where H?(fy; f») is the Ly norm of the deviation between the square-roots of f,, and

fn written as 1
(i fy) = ([ 1#1@) = fi @)Pdz) (33
such that:
f,(.) is the theoretical probability density of nys, with f, : R® — R*.
fn(.) is the random function of 7, given by

1 T —fm
(T K( , xR’ 3.4
fula) = Nh?szo ) (3.4

Let fn() be a non-parametric kernel density estimator of f, defined by

~ 1 N1

fule) = e KB, w e (35)

where K : R® — R" is a kernel density function, (hy) is a sequence of band-

widths, 7y is defined such that 7y = (f11sm, s Espsm)’ and Vi = {1,...,;s},
éiJrsM = ZHJ'(Z)XiJrstja
J=0

and f, : R®* — R*.
According to (3.1), we write the following

v = ZHjYM,j. (3.6)

5=0
3.3.1.1 Regularity assumptions

To study the main characteristics of éM,n, we need to set some assumptions

and conditions on the functions and the components we defined in the previous
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subsection.

Assumption A.
e E(||nul") < oo for I € N*.
e For all (u,v) € R*, we have:
* /S K*(u)du < oo; /RS wi K (u)du = 0 for i = {1, ..., s}.

* / wiui K (u)du = 0; / ui K (u)du < oo for i = {1,...,s}, j = {1,...,s}
R R

and 7 # j.
* There exists a positive constant ¢ such that sup | K (u+v)—K(u)| < ¢||v]].
ucRs
Here ||.|| denotes any norm on R* (k= s or s + 1).

Assumption B.

1. ny admits an absolutely continuous density with respect to the Lebesgue
measure on R® positive in a neighborhood of the origin.
1
For any 6 € © and each z € R®, the functions z — f,(z) and = — fi (v)

are continuously differentiable.

2. For each z € R?, the functions 0 — —fn( ) for j = {1,...,s} and 6 —
o2

06,0y,

Assumption C. (hy) the sequence of bandwidths satisfies:

fi7 (x) for 1 < j;k < s are bounded, continuous and in L?*(R*®).

o hy = N(N), where —1 < a < 0 and £(.) is a slowly varing function.
E(bN)

e As N tends to infinity Ay tends to 0, Nhy tends to infinity and hm ™)

1; 6> 0.

For each 6 € ©, sup |—=" fn

7 ()] < oo with j € Nand k= {1,..., s}.
TcRs
Assumption D. For 6, 9' € 0, 0 # ¢ implies that {z € R*/f,(z) # fy(z)} is a set
of positive Lebesgue measure.

Assumption E. There exists a finite constant value m such that sup f,(x) < m.
rcRs

Based on Mbeke and Hili [75], we define the following:
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3. ESTIMATION FOR THE STATIONARY MULTIVARIATE FRACTIONAL
AUTOREGRESSIVE PROCESS

1 0 0?
i) = FA (@) 5 gy(w) = 280 iy - O]

Sola) = | [ gh@)gy@))da]  gia).

Condition I. Both g; and gg have components in Ly and their norms are continuous
functions at 6.

Condition II. /RS gy (2)gy(z)dz is non-singular (s 41 x s + 1)-dimensional matrix.
Remarks on the assumptions

1) Assumptions A and B are essential technical conditions for establishing the
asymptotic properties of the estimator. These assumptions concern the regularity
conditions of the kernel, the white noise density function and its [-order moment.
2) The less technical assumptions C and D concern the smoothing parameter, which
is the degree of smoothing determined by the extent of the kernel on either side of
the observation. They also determine the conditions under which the parameter can
be identified.

3) E is an assumption used in the application of the Prakasa Rao (1983) inequality
[86] to demonstrate convergence of the random part of the estimator. This hypoth-
esis assumes the existence of a finite quantity, and f, denotes a density function

defined in the Prakasa Rao inequality.

3.3.1.2 Main results

Lemma 3.3.1 If the assumptions A and B.1 are fulfilled, then f, almost surely

converges to f, as N — oo.

Proof 9 We have

Fal@) = fo(@) = fal@) = fal@) + fu(@) = E(fa(2)) + E(ful2)) = fy(2),

by applying the triangular inequality to the previous form, we get
sup | fu(2) = f ()] < sup | fu(@) = ful2) [+sup | fo(2)—E(fu(@)[+-sup [E(fu(2)) = fy(2)].
T€RS T€RS T€RS T€RS

Below, we shall prove the almost sure convergence of each of the terms on the right

side of the above inequality separately.
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i) In the first term, we substitute the values defined in section 3.3.1 for each of f,(z)

and f,(z), and we obtain

7 1 — My, N~ T
Sup [ fale) = fa(@)| = 7= Sup\MZOK )T MZZOK( it
by assumption A, we write
~ 1 No1
up n(2) = Fu)| < gy 3 llewl

where ey represents na — fiar, by (5.1) and (3.6), we find

> IYar, (3.7)

j=n+1

according to Granger and Andersen [36], we consider the following expression

1 N—-1 1 N—-1 ) N—-1
E(—+ leml)? = El——mp 2 lleml]?) + 2E[———5 (llearlD(Iew]])]
Nh]\}"l J\;o NQh% +1) J\;::O N2h% +1) M%:_O
M#w
1
@ & BlewlP + X Bl

the coefficients I1;(7) fori = {1, ..., s} are square summable (Odaki [80]), and as per
Mbeke and Hili [75], sup | fo(x) — fu(x)| almost surely converges to 0.

rcRs
it) For the second term, we consider the Prakasa Rao’s inequality [86] amended by

Mbeke and Hili [75] in accordance with the form of the multivariate process.

1
We set dp(x) = e —K( hUM
N

there is a constant ¢y > 0 such that

), and the sequence (Sy)nen+ Such that sy = Nhy,

sup o () < coSn,
reRs

we write the Prakasa Rao’s inequality as follows

B |1fula) — B ()] > =) ) gzmm<_wmw00¥>,

8com

under assumption C and the selection of hy = N%log(N), the previous inequality
becomes as follows

P [\fn(ﬂi) — E(fn(x))] > 5N%509(N)} < eap (_Na+11092(N)52> |

8com
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P |N% sup |fu(z) — E(fu(2))] >5N2a4+1log(N)] < 2exp (—N *log(N >€2>,

z€Rs 8com

since —1 < o < 0, by assumption E and Mbeke and Hili [75], we find that
L Tl
8com

There exists a sequence wy = [log(N), where > 2, that for some rank it verifies

4a+5

N1 log*(N)e? 2
2exp (— Scom < NB’

hence, we can write

- ) B B o T 2
P [N sup | fo(z) — E(fu(2))] > eN*T log(N)| <~
L z€RS | NB
[ 1 x 5 2041 ] 2
STP NT sup | folz) — E(fu(2))] > eN"T log(N)| < 3 ——,
TERS NB
N>1 L J N>1
. 2
since Z ~NB converges, we get

N>1

> PN sup |fu(x) — E(fu(2)| > eN"7 log(n) | < co.

N>1 FASING

And by Borel-Cantelli’s lemma it result that sup | f,(x) —E(f.(z))| converges to zero

TERS
almost surely when n tends to infinity.
i1i) From (3.5) we write
x 1 =
E(f.(x)) = E K
() = LS K]
1 T —m
= —EIK
B

= 7 LK
_ /]R K (u) fyw — uhy)du,

We deduce the following using Taylor’s expansion to the second order near x on
fo(x —uhy)

E(fu(@) = (@) = [ K(W)fy@ = uhy) = fy(@)ldu,
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/ K (u)[u? + o(h%)]du.

s

sup [E(fu(z)) = fo(z)] < N 3 sup

ueRSs k—1 TER?

82fn (2)
02?2

By assumption A, we find that/ u)[uz +o(hy)]du < oo and by assumption C we
2

have sup 825{2 (x)| < oo, hence sup IE(fn(2)) — f,(x)] — 0 as n tends to infinity.
TERS® k Tz€R

After showing the convergence of the three terms, it becomes clear that f,, almost

surely converges to f, as N — oo.

Lemma 3.3.2 Let F' be the set containing all densities metrized by the Ly distance.
T :F — O is the functional, and let us determine a density g € F' and A(g) a set
such that

Alg) = {0 € O B2 (g f,)lo=o, = min H*(g: /,)}

Since A(g) may include multiple values, we assume that it stands for any arbitrary

but single element, and we consider that element to be T'(g).

Proof 10 We refer to the proofs of Beran [8] and Hili [{8].

Lemma 3.3.3 Under the assumptions B1 and C and the conditions I and II, and
supposing that 0 is within O; thus, for all sequences {f,} converge to f, in the

Hellinger metric, we get that
2) =0+ [ Sula) (@)= i @) do+ Gy [ (o) (@) = Fi (@) do.

where Gy is a non-singular (s + 1 X s + 1)-matriz whose components tend to zero

after multiplication by V'N, i.e., (\/NGN) N 0.
—00

Proof 11 This result is clearly well demonstrated by Beran [8].

Lemma 3.3.4 Provided that assumptions A, B1 and C are true, then

VN(fla) = @) =2 N (0. 1y(a) [ K3 wdu).
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Proof 12 This proof corresponds with the one provided by Wu and Mielniczuk [109]

for this result.

3.3.1.3 Estimator properties

Theorem 3.1 (Consistency). Considering that all the prior assumptions are ver-

ified, éM,n almost surely converges to § when N — oo.

Proof 13 By lemma 3.3.1, since |fn(x) — f,(2)] 0 almost surely, then
—00

P{ im_f3 () = fi(2) va}=1,

therefore

H*(fu; fy) — 0 almost surely.

N—o0
And from lemma 3.3.2 the functional T(f,) = 0 unique on O, so T is continuous at

fn in the Hellinger topology, thus

O = T(fal)) — T(fy(z)) =0.

N—00

i.e., Ounp Njoo 0 almost surely.

Theorem 3.2 (Asymptotic distribution). Assuming that assumptions A to E
hold true and if both conditions I and II are verified, then

VN (lrr —0) — N(0,%2),

N—o0

where Y2 the variance-covariance matrix is given by

L aayra] [ K

Proof 14 As T(f.(x)) = Our and according to lemma 3.3.3 we have

VN(Bra=0) = VN [ Sa@)(5i (@)= i @)de+VNGy [ g (@)(fi (2)=fi (),
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and VNG y Njoo 0 thence
VN s —0) = VN [ Sol@)(fi () = 1 (@))da + 0,(1),

So(x) € Ly, furthermore, Sy and fi are orthogonal in Ls.

1
Under assumption B.1, since fy is positive and by the following algebraic equality

fn(x) - folz) — (ful@) = fy(2))?

1

2 (@) 2R@)(fE @) — F(@)?

1

f3(z) = f2(z) =

we can write

V(Oy, —0) = VN Sg(x)de + T, (3.8)

such as

2
Il < VN [ 1Sp(@)l|— LISy,
* 217 (2)(fi () — fii (x))?
Let’s set & = iélﬂgs fn(2), by applying the following inequality

3
2

2 (@) (£ (2) = £ @) = 27 (2) +7 > 27 (), when 7 >0,

we find

1 2
f J 1S@IVE @) = gy ()

Se(x) is continuous and bounded (according to conditions I and II), by lemma 3.5.1

[l <

and Vitali’s convergence theorem, ||r,|| converges in probability to 0 as N — oc.

Now (3.8) can be expressed as

VNOyn —0) =VN Sg(a:)de + 0,(1),
Re 217 (x

therefrom and by lemma 3.3.) \/N(HAMM —0) — N(0; ¥?).

And
. _ &(w))(&(w))T :
¥ o= g ; dr | K(u)*duf,(zr)dz
/RS (2f772(17) 217 (x) /

= [ Salw)) (So@))do [ K (u)du
1
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3.3.2 The conditional sum of squares estimate

Considering the multivariate stationary process {Yy, M € Z} given in (2.7) re-
lated to {X;,t € Z} provided in (2.6) and assuming that the innovation process
{ei,t € Z} are independent and identically distributed with the Gaussian distri-
bution, it might be a possibility to use maximum likelihood estimation (MLE) to
obtain the estimated values of the parameters of {Yy;, M € Z}. But the form of the
variance-covariance matrix of {Yy,, M € Z} makes this method difficult. Box and
Jenkins [10] demonstrated that the maximum likelihood estimates are the equiva-
lent of the least squares estimates derived by maximizing the conditional sum of
function; this approach has been widely applied in estimation in various studies; for
long memory models, we can refer to Li and McLeod [73] and Chung [18]. In this
paragraph, we propose to estimate the parameters of our process using the same
procedure.

We refer to the conditional sum of squares (CSS) estimates by 6, which is
the value that minimizes the sum of squared innovations.

The expression 0 is represented in the form below

N-1
6 = arg min Z (mar ") nar (3.9)
0c6 =
and
=Y Yy,
=0
where
(1) 0 0
0 II,(2) O
i )
0 0

Since 1, is not observable, we can estimate it by fa; = (&141s01, Earsitys s Estsnr) T

such that & = > (1) X150 for all ¢ € {1, ..., s}.
=0
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3.4 Simulation

We dedicate this section to the validation of the estimator’s theoretical results.
We present some simulated values related to the MHDE GAMJL given by the formula
(3.2) and the outcomes of the CSS estimate § given in the formula (3.9).

We begin with the MHD estimate, we consider the case of a period s equals 2;
we assume that the white noise n,; is the density function of the standard normal
distribution, the kernel density K is similarly the density function of the standard
normal distribution, and we select an (hy) that satisfies assumption C.

For different sample sizes n and multiple 07 = (a4, as, d) values, and for R = 1000
replications, we calculate:

e R values of 0, we denote (HA](\?n)T =@",ay,d") withr =1,..., R.

e The mean of the sample of 0y, denoted Hﬁ}wn = (ay, as, j)

e The general mean squared errors M SFE of HAMW by the following formula
MSE = L3100, — o
= >, ol
r=1

e The individual confidence intervals C'I of § components, such that CI,(a;) for ay,

Cl,(ay) for ag, and C1,(d) for d. Since the sample size R is large, the CI will be of

I Za ~ 2 o ~
the following form C'1,(0;) = [QM,W' — ﬁ\/var(QMﬁn’j), Oninj + \/%VU@T(HMJLJ‘)}’

0; (respectively 0y,;) represents the ;" component of 6 (respectively 6y,,), j =
1,--- s+ 1.

za is the critical value from the normal distribution for (1 — «) confidence level; we
tack o = 0.05, zg.g25 = 1.96.

var(éMyw) is the j' element of the main diagonal of the variance-covariance matrix
of QAM’n.

Additionally, we provide a simultaneous representation of the C'I as a cube that
defines the limits of the individual C'I.

The results are stated below (the cubes are from left to right for n = 50, 100, 150,

respectively).
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50

100

150

(.0915293;.349688;.165463)

(

.106936;.35398;.163461)

(.098171;.349247;.143044)

0.001004423

0.0004860885

0.0002301472

Cl,(ay),
Cl,(as),
CI,(d)

[0.09953647,0.1344709],
[0.33517246,0.3781367],
[0.13624799,0.1699082]

[0.09493727,0.1224020],
[0.34443183,0.3727093],

[0.14539888,0.1662093]

[0.09021311,0.1084286],
[0.34290543,0.3616760],
[0.12693061,0.1454963]

Table 3.1: MHDE results for 67 = (.1;.35;.15) and a normally distributed K

Figure 3.1: Confidence intervals cubes for 67 =

(.1;.35;.15) and a normally dis-

tributed K
n 50 100 150
5}4771 (.6159309 ;.9119052;.500223) | (.60832;.896313;.49846) | (.602385;.89405;.489826)
MSE 0.0007990064 0.0005892269 0.000179205
Cl,(ay), [0.6037686,0.6316076], [0.5958097,0.6244623], [0.5952092,0.6116362],
Cl,(as), [0.8997790,0.9356688], [0.8855625,0.9173829], [0.8883418,0.9052387],
Cl,(d) [0.4723367,0.5044660] [0.4740730,0.5021804] [0.4761608,0.4919050]

Table 3.2:  MHDE results for 67 = (.6;.9;.49) and a normally distributed K
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Figure 3.2: Confidence intervals cubes for 07 =

0.905

(.6;.9;.49) and a normally dis-

tributed K
n 50 100 150
é}mn (.852387;.73773;3.213104) | (.842364;.74036;3.19282) | (.84017;.74565;3.20007)
MSE 0.0007018098 0.0005319591 0.0002590052
Cl,(ay), [0.8413800,0.8665756], [0.8349771,0.8566419], [0.8371869,0.8560224],
Cl,(as), [0.7248674,0.7629635], [0.7260081,0.7558865], [0.7370623,0.7510084]
Cl1,(d) [3.1911542,3.2164435] [3.1923988,3.2162924| [3.1902593,3.2045828]

Table 3.3: MHDE results for 07 = (.84;.75;3.2) and a normally distributed
K

Figure 3.3: Confidence intervals cubes for 7 = (.84;.75;3.2) and a normally dis-
tributed K

We can clearly see that the mean value of HAMm is very close to the real param-

eter in all previous tables (3.1, 3.2, 3.3); this indicates that for a large number of
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replications, all estimated values approach 6.
Moreover, we deduce empirically the consistency of the MHD estimate from the
mean squared error values.

The M SFE decreases significantly as the sample size increases, i.e., for a large n,
the MSE is negligible, indicating that QAM,TL converges to 6.
We can also note a variation in the length of the confidence intervals; the C'I reduces
as n increases; graphically, in figures 3.1-3.3, 6 (presented as the cyan dot) is inside
the cubes regardless of the interval length, which expresses a significant precision

for 6.

We evaluate an additional scenario in which we assume that the density function
of the gamma distribution is the density function of both n,; and K. This allows
us to further analyze the theoretical findings of our study. As in tables 3.1 to 3.3,
we consider the same 6 values.

Below we present the outcomes.

n 50 100 150
O, | (0914218;.347718;.1443874) | (.0934448;.347829;.146415) | (.102799;.352991;.152659)
MSE 0.0008142538 0.0005513384 0.0001727761
Cl,(ay), | [0.07633857,0.1108635), [0.08136366,0.1090169], | [0.09730022,0.1098878],
Cl,(ay), | [0.33516192,0.3723268), [0.33783885,0.3674083], | [0.34748274,0.3637868),
C1,(d) [0.11426422,0.1489700] [0.12000550,0.1504329] [0.13603678,0.1551888)]

Table 3.4: MHDE results for 67 = (.1;.35;.15) and a gamma K
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Figure 3.4: Confidence intervals cubes for 87 = (.1;.35;.15) and a gamma K

n 50 100 150
01, | (.5925406;.838854;.490948) | (.600531;.8964;.4921605) | (.600208;.901463;.490411)
MSE 0.0005929565 0.0003468448 6.74331e-05
Cl,(ay), [0.5786349,0.6104643], [0.5906979,0.6132061], [0.5965537,0.6049186],
Cl,(as), [0.8779601,0.9102040], [0.8896919,0.9096938], [0.8981432,0.9079712],
CI,(d) [0.4703512,0.4940820] [0.4690484,0.4956765] [0.4797295,0.4920365]
Table 3.5: MHDE results for 67 = (.6;.9;.49) and a gamma K

Figure 3.5: Confidence intervals cubes for 67 = (.6;

.9;.49) and a gamma K
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n 20 100 150
0_}/[7,1 (.837687;.731229;3.21497) | (.841144;.746125;3.19943) | (.835225;.7513308;3.20763)
MSE 0.001115652 0.0002827665 0.0001305248
Cl,(ay), [0.8206266,0.8596789], [0.8333723,0.8511633], [0.8318702,0.8409218],
Cl,(az), [0.7193254,0.7545566], [0.7393604,0.7593832], [0.7488118,0.7626761],
CI,(d) [3.1798340,3.2203245] [3.1780607,3.2026862] [3.1898919,3.2039336]

Table 3.6: MHDE results for 07 = (.84;.75;3.2) and a gamma K

Figure 3.6: Confidence intervals cubes for 07 = (.84;.75;3.2) and a gamma K

The results presented in tables 3.4, 3.5 and 3.6 and figures 3.4-3.6 affirm the
findings of the first case; however, we note that the 5 M, is much closer to the ¢ and
the M SE values decrease faster with the increase of n values compared to the first
case.

We can also extract the remark that the results we found hold valid regardless of

whether the kernel density was symmetric or asymmetric.

We now examine the validity of the CSS estimate and compare the simulation
results with those obtained for the MHD estimate to compare the two estimation
techniques.

To do this we generate n realizations of our process {Yy, M € Z} for the same
values of 6 considered in the simulation of the MHD estimate, for the same number
of replications R we compute the mean of the R values of o7 = (G, ag, CZ) denoted

6T. We also calculate the quadratic mean squared errors MSE between 6 and 6.
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The results are given in the following tables.

n 50 100 150
§T (.09621508;.3644193;.145004) | (.09985801;.339241;.149241) | (.09929403;.354354;.153548)
MSE 0.001079063 0.0007296985 0.0001980501
Table 3.7: CSS estimate results for 67 = (.1;.35;.15)
n 50 100 150
07 | (.601191;.909272;.4892333) | (0.591524;0.902044;0.488197) | (.598929;.8971453;.4875943)
MSE 0.0007222061 0.0004311662 0.0001221428
Table 3.8: CSS estimate results for 67 = (.6;.9;.49)
n 20 100 150
§T (.835139;.741194;3.206637) | (.8338738;.7567529;3.209463) | (.8355105;.7533341;3.198887)
MSE 0.0008753606 0.0004821385 0.0003217337

Table 3.9:

CSS estimate results for 07 = (.84;.75;3.2)

In tables 3.7, 3.8 and 3.9 we can easily observe that the estimated values 5 are

very close to the true parameters 6 in all sample sizes, meaning that all f are close to

0, and that the MSE diminishes noticeably as the sample size gets larger, confirming

the validity of the estimation.

Overall, we remark that the MSE of both estimates is almost decreasing similarly.
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We note that the CSS estimate can be better or worse than the MHD estimate,

indeed the MHD estimate depends on other crucial components, mainly the band-

width.

3.5 Conclusion

In summary, this chapter aimed to minimize the Hellinger distance between two
probability densities to construct an estimate for the parameters of a periodic frac-
tional autoregressive model. We have shown that the estimate fulfills the consistency
property and asymptotically follows a normal distribution.

We have also proposed another estimation technique to compare the proposed es-
timation method with a classical one that is suitable for the estimation of non-
stationary models.

Finally, we conducted a simulation study to assess the validity of the estimation

results and to compare the two estimations we established in the current study.
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CHAPTER 4

LOCAL ASYMPTOTIC PROPERTIES FOR A
PERIODIC FRACTIONAL AUTOREGRESSIVE
MODEL

4.1 Introduction

In this chapter, we aim to establish local asymptotic normality (LAN), local
asymptotic linearity and local asymptotic minimaxity (LAM) for the periodic frac-
tional autoregressive model discussed in the previous chapters. We mainly con-
centrate on the local asymptotic normality property, which sets the foundation for
demonstrating the existence of the local asymptotic minimax estimator and local
asymptotic linearity. To complete the chapter and illustrate the LAN results, we

present a simulation research.
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4.2 Definitions and formulations

4.2.1 Notations and hypotheses

We consider the following series of fractional models

(1- GEH)L)d(MXHsM = EitsM, (4.1)

where 6" = (a{™,d™) defines the local Sequence resulting from substituting /™

for a; and d™ for d in (2.6) with ag =a;,+n" 2a ) and d™ = d +n"26 ™) and

we define 7"

= (agn),é(")) to be a sequece of the local perturbation of 6; such
that SupHTi(n)H < oo (||.]| denotes the any norm on R?), i = 1,...s. We denote
0= (ai,...,as,d) € R**! and 9 = (agn), a™ d™) e RETL

Let Py be the probability distribution of the random vector X = (X, ..., X;,)T under
6 and f(.) the unspecified probability density of {e;}.

Let A, (X) be the o—field generated by (X;,t < n), A,(¢) the o—field generated
by (e1,t < n) and A, +(X) the sub o—field of A, (X) generated by the past of the
process until the moment ¢ (X, k <t,t =1,...,n).

We suppose that we have a finite length realization X ™ = (X l(n), ey XT(L"))T of the
solution of (2.6) and note by H}”)(H) the sequence of null hypotheses under which
X™ is generated by (2.6) and H }m(e(”)) the sequence of alternative hypotheses
under which the sequence X ™ is realization of a process satisfying (4.1).

The moving average and autoregressive representations of the process satisfying

equation (4.1) are given in equations (4.2) and (4.3), respectively.

Xl(st Zw] n 5'L+5M—j7 (42)
where
T(j+d+n25m .
¢j(9§n)): G+ 1+n : : ) (ai—i-n_%agn))J,
L(d+n 2005+ 1)
and
52+sM n Zﬂ'] n 7,+5M -7 (43)
with
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n I'j—d— _%5(71) L () s

my(o) = LU= A I (o,
I'(—d—n"200)(j + 1)

We set the condition that Z P, ( H(n and Z 7;(6;"") are absolutely summable, this
J=1 J=1

condition follows from the one formulated by [94] for a fixed 4, (i =1, ..., s).

4.2.2 Technical regularity assumptions

For the rest of this chapter we need to set some technical regularity assumptions
on the density f as follows:
Assumption 1. The process given in (2.6) satisfies a sufficient condition of causality
and invertibility that Vi =1,...;s, |a;| < 1 and d € R.
Assumption 2. E () =0, E (5?) =o0° <ooand E (5?) < 00.
Assumption 3. f is absolutely continuous over finite intervals (Hajek and Siddak

(1967) [43]), i.e. there exists an integrable function f’ on all bounded intervals, such
that, for all —oo < a < b < oo, we have, f(b) /f
—f'0)

70 J
< 00, for some § > 0 (0 <I(f)=E (gbfc (6t)) < oo) I(f) represents the Fisher

b
Assumption 4. Let ¢¢(.) = , and we assume that 0 < /]¢f(;v)]2+5 dx

information.

Assumption 5. f is unimodal, i.e., —log (f(z)) function is convex on the open
intervals ]a, b, —0o < a < b < 0o or ¢(z) is increasing on R.

From these assumptions, we deduce:

1) Under assumptions 2 and 3, according to Hajek and Siddak (1967 [43]) we have,

E (¢ (2,)) /¢f 2)dz = 0,

and

E (s165 (20) = [ 26;(@)f(w)dz = 1.
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2) Under assumption 3, it follows that the function fY2 is differentiable in root

mean square and we get

1 1/2 1/2 t f'(z) ’ _
%g(?ﬁ/ <f/ (z+1) — fY (Z)_2f1/2(z)> dz = 0.

4.2.3 Likelihood ratio sequence

In order to prove the LAN property and therefore pass to the properties of local
asymptotic minimaxity and local asymptotic linearity, we study the asymptotic

distribution of the following form

Tpemy (X))
(n) (n)y _ 6/ f

where Ty /(X (™)) and Ip/;(X™) are the conditional likelihood functions under
H}”) (6™)) and H}")(G), respectively, such that

z+sM 1

Tgon /p(X™) = 1] H (> mOM)X ),
=1 M=0 7=0

and
s N-— H—sM 1
]g/f(X() = H Z z+sM ])
=1 M= 7=0

Below we construct some random variables that will be needed for the sequel.

We denote
o Zions(0™) the residual under H f”>(9<”>) that coincides with &4 (6'™).
e Z; sm(0;) the residual under H }")(9) that coincides with ;4 5p/(6;).

For:=1,...,s we have

i+sM—1
Zi+sM<9i) = Z (9 i+sM—j + Z Z 7r]+z+sM wk ]( ) (91)7
j=0 k=0 j=0

and

Yotn = 3 3 [0 = 73(09] 509 Zirvens (67,

k=1j=1
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thus

Zz—i—sM(gz(n)) = Zi+sM(0i) — Yi,Mn>

we use Taylor’s expansion to expand the coefficient 7rj(9i(n)) around 6;, we obtain

the following

[N

n 1 (n o 0; 1 on; 0; -1 1 n
7@(9@( ))—wj(@i) =n 20" Wa]é )—Hf?é(”) Wg); )+712827rj(91+n_207'i( N, 0<e<1,

where

0*m;(0; + n_ECT-(n))

(n)>2 I 8277]'(02' -+ n_%CTZ-(n))

-1 (n)y _ 7 n
(9279(6@- +n 2er)) = o (o EYE (5( ))2
0%m;(0; + n~3er™) NONOE
da;0d ’
We pose
1
2 Zz S - n
Yidn = f2( Z—M i, M, ) 1,
e (Zi—i-sM)
and
*% S N
ZiMn = Z a5 3 (0:)0" Vo (0:) b5 (Zisans) Zivsna—ks
0 0 ,
when we replace 70, —;(6;), 5d™ 7;(6;) and 1,_; by their values, we get
n"z & a;
Zisin = — S ((=d)al™ + T 0t 01 (Z) Zisn
k=1
nié I n Q; n _
= Z((—d)ag )+ E(s( Na¥ 6 (Ziysnr) Zivsni—k + Rinin,
k=1

because, for all i € {1, ..., s}, we have

) L T(j-d)

° aTLin(@z') = jF(—d)F(j n 1)a

7j—1
7

0 _ I(j—a) J 1
* 5" = TG Z] h—d

ey LO-dUk=jt+d)
S LAT(=d)0(k -7+ 1I()
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k I'(j—d)I(k—3j+d) J 1 1
L4 A A A = 7 Vk Z 1
2 T @—aT (k- < DTG+ D = j—h—d &

J

and )
nz & n Ai «(n -
Ri,M,n = Z ((—d)ag )‘|' ?5( ))af 1¢f(Zi+sM)Zi+sM—k~
k=q+1
For+=1,..., s, we write
N-1 n_% N-1 ¢ m G N-1
Z ZiMn = 5 Z Z((_d)ain + ?5(71))a§71¢f(Zi+sM>Zi+stk + Z Rivin
M=0 M=0k=1 M=0
i N (m) | @i () k-1
- Z Z ((=d)o; ™ + 55(71))@17 O (Zigsm) Zivsrvi—k + Ry,
k=1 M:[k—i-H]

Ry, = op, (1) [94].

We consider the residual autocorrelation coefficients of order k denoted r; ., asso-
ciated with f as follows

D=
Tikn = N — [k—i-i—l] ‘ qbf(Zi-i-sM)ZH-sM—ka
s ) p=(hmit
we get
N—1 _1 q .
25 Zivim : DM+ % N — enton (1),
> i = oy S (el a0t (8 = [EEE Yo

2 NZ_l(ZI’M’” + Z2010) = Ll i((—d)aﬁ”) + ﬂ5(”))a’f_1 (N - [kD 1 knt
M=0 (02I(f)) "2 1 k >
nt & (n) |, Q2 B k—1
S g (v [E ) )
o)) 3 e+ 50 a: | ) o+ 0, (1)

For any period s > 2, it would be better to use a matrix representation; for that we

define a (1 x 2s)-vector 7™ = (™, ..., 50§ and a (2s x 1)-vector Agcn)

S S
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as follows

N|=
B
Il
—_

AP = (n72) (0 I(f))

a _k _
Z%(N_[k s+1DT$?k7n

k=1 §

finally, we find

s N-1
25" Zista = TVAY 40, (1).
i=1 M=0

Agcn) is known as central sequence.

4.3 Main results

4.3.1 Local asymptotic normality

(4.4)

Proposition 4.1. Assuming the regularity assumptions are valid, for all bounded

(n

sequences 7™ such that sup||T™|| < oo, we have

i) The log likelihood ratio admits under Hj(cn)(ﬁ) the asymptotic representation

A(n)

n n n 1 n n
f,9<”)/9(X( )) =7t )A; ) _ 5(T( N H(0) ()T + 0, (1),

with T';(0) = I(f)o°T'(#) and
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d? d 5
0 0 ——1log(1 — ay) 0 0
1— a? ay
d? : d 2
0 0 . 0 ——log(1 — a3) 0
1- a% az
0 0 0 0
d2
0 0 0 0 ——log(l—a?)
1— a_2 as
d . S, .
TO) = | —Ziog(1—a?) 0 : 0 E (—1)? 0 : 0
al k
k=1
oo
d . ch'
0 ——log(1—a3) O : 0 E (=2)? 0
as k
k=1
0 0 0 0
d? = ak
0 0 0 0 E (=£)?
1—a? k
k=1

it1) Still under H}n)(ﬁ), asn —» 00, Agcn)is asymptotically normal with mean 0 and

covariance equal to I'¢(0).

The proof of the aforementioned proposition is based on a slightly modified version
of Swensen’s lemma in accordance with the periodic models; this modified form was
considered in several works, such as [27].

To proceed with the proof, we must examine the following conditions:
N-1 s
e (CE D > (Zinin —yimn) — 0.

M=0i=1 N—o0

N—-1 s

(C2) sgfp Z z:IE(ZiM,n)2 < 0.

M=01i=1

(C3) max max |Z;yn| — 0 under Py,.
1<i<s 0<M<N—1' """ Nooo

N—-1 s ) ()\(n))Q
o (C4) Mz: Z:Zi,M,n — T ok 0 under Py,.
=01:1=1
N-1 s
e (C5) Z ZE(ZiQ,M,n](\Zi Mn‘>%)|An,i+sM—1) N—> 0 under Py,.
M=0i=1 o o
o (C6) E(Zimn|Anitsm—1) =0 for i=1,..,s.

If the six conditions (C1)-(C6) hold, then

(n) 5 (A(m)?
Afﬁ(n)/ﬁ =2 Mz—:o Z ZivM’” - 9 + Ope(l)a (45)

i=1
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N—-1 s
and 2 Z ZZi,M,n is asymptotically normal with mean 0 and variance equal to
M=0i=1
(R
Remark 4.1. The decomposition (4.5) is called the Local Asymptotic Quadratic
(LAQ) decomposition.

Proof 15 The conditions (C1)-(C6) will be checked one by one.

N—-1 s
(C_l) E Z Z(Zi,M,n — yi,M,n>2 ﬁ 0.
M=0i=1 o
1 1 2
(f (?TZZ — %;M’n) —1—Zinn)? <2 (f (?TEZ — %)’M’n) -1- ;’Yi,M,n¢f(Zi+sM))
2 i+sM 2 i+sM

1 2
+2 (Zi,M,n — 2%‘,M,n¢f(Zz'+sM)> .

1 2
We begin with the second term (ZLMJL — %,M,n¢f(Zi+sM)) , such that

2
’Yi,M,nQSf(Zi—i—sM) - Z Z {ﬂ-j(ein ) - W](ez)} 77bk—j(Qi)Zi—kz-&-sMgbf(Zi—i—sM)
k=1j=1
o F 1 (n 0 (0, 1 0 (6, -1 1 n
NI D) i ML L IS LR R e )
k=1j=1 i

X ¢k—j(9i)Zi—k+sM¢f(Zi+sM)

oo k ,,,Lfl 1 "
= 2innt 3 2(7827%‘(92‘ +nzer N30 Zi kysmrds(Zissnr)-

k=1j=1
We conduct a simple calculation and we find

1

(Zitn = 500005 Zizorr)? = [(Dat (Da) + (Daa)
< 5(Da)’ + (Da)* + (Daa)’]
N-1 s 1 N-1 s
E (Zivn — §’Yi,M,n¢f(Zz'+sM))2 <5 [E(Da)Z +E(Da)” + ]E(Dad)z} ;
M=0i=1 M=0i=1
where
e N SN o 0, _l_n—%c,ri(n) " .
D, = > il 3 )(Oé§ ))2¢k—j(9i)Zi—k+sM(9§ ))Qbf(Zi-f—sM)
4 O j=1 da;
_nfl n n -3 n
= T(ag )>2 [(1 — (@i + n"%cal )>L)d+n el )_2(1 — a;L) " Zivsrn—a| 05 (Zivsm),
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1
the terms (1—(ai+n_%ca§n))L)d+n 202 g (1—a; L)~ are expressed in terms of
N—-1 s
summable coefficients, thus of square summable coefficients, we deduce that Z Z E(D,)
M=0i=1

2

is finite and tends to 0 as N tends to infinity.

—n~t & K026, +n zer™ (n)
p, = oyl (60256 Zi s (6016 (Zivanr)
k=1j=1
— -1 1 1 "
= Z (6)2[log(1 — (ai—l—n_?cagn))L)z(l — (ai—i—n_%cagn))L)d*” 25

x (1= a;L) " Ziysnt) o (Zivsnr),

the operator that appears in the final form is of a summable coefficient, as it is

N—-1 s
expressed as a product of three summable coefficients. Thusy Z]E(Dd)2 e 0.
M=0i=1 e
—nt & K 0% (0; + - 1/2) o7 ))
Da = ] i—k+s i+s
d 5 ’;]Zl 9a,0d i 5(0:) Zi s sna (07D (Zivnr)
P} 1
= z a6 [log(1 — (a; +n~2caf)L)(1 = (a; +n~2ca") L) 207

X (]‘_CLZL) d H—sM]gbf( z—l—sM)

the final form has an operator expressed as a product of three terms of square
N—-1 s

summable coefficients, so Z ZE % tends to 0 as N tends to infinity.
M=0i=1
1 2
2 Zz sM — )i n 1
Now we deal with the other term fa ;L M~ i M) — 1= =imn®Pr(Zivsm) | -
2 (Ziysmr) 2
From the previous calculation of i p.n, we can write

1 2 n n
Yi,Mn = (nii Z( do ( + ]{36() f 1+227827T](9 +n 207’ )Q/Jk ]( )) i—k+pM
k=1 k=1j=1
= Tf%Ui,M,n + Rivin + Vimm,

where we have denoted the following

QY = (~dal™ + ZL5)a ),

ng,z(ei—kn 207 Zwk (0,077 (0; +n~ QCT( )),
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and

q
— (n)
Ui,M,n - Z QLkZi—k-‘,-sM»
k=1

o
2 (n)
Rintn =172 Y QViZi—ktsnts

k=q+1
& (m)
Vi 5 > Qan(bi +n" 2™ Zicksnt,
k=1

q s the truncation parameter. We deal with these last three variables.

i)

n=?2 > 1 (n
E(Visral’) = B Qualti +n72en”) Zicywanr)®
k=1
n”? 2 2 2
< 5 B((Da)” + (Da)” + (Daa)”),

and consequently Vi yrp, P 0 (see [94] for more details).
—00
i)

o
2 (n)
Rintn =172 Y QViZi—ktsnts
k=q+1

E(R?,M,n) =n"?0(1) when N — oo and then Ry, — 0 [94].
We denote

Winin = Vivin + Rivim,

then

_1
Yirin =N 2Ui prn + Winin,

we consider
Bi(k) ={|Zivsm—| < k,l=1,....q}; for i=1,..s.

Ci(k) ={|Zizspm—| = k,1=1,....,q}; for i=1,...s.
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Let
B Nz_:l El1 f%<Zi+sM - %,M,n) 1 1 d) (Z ) :
iwn B;(k) T — L = Y Mn P\ Litsm
M=0 fé (Zivsmr) 2
2
Nl % Zz S - n_%Uz n - Wz n) % ZZ S 1
_ Z E ]lBl(k) f ( + M_l M, ’Mi ) f ( + M) - 7¢f(Zi+sM) ,szm
M=0 (72U + Winin) [2(Zigsmr) 2
N 1 Fle—nbu—w) - i) 17\
= > // (n"2u+ w)Q/ — T - = dzg(u, w)dudw
=0/ Bitk) R (n"2u+w)f2(z) 2 f(z)
N-1 1 _1 1 / 2
- —w) — 1 ,
< Sup f2(2 n jlu w) fQ(Z) _7.]1(2) dz// (n_§u+w)2g(u,w)a
M=o lul<ko JR (n"2u + w) 2 f3(2) |ul<ko
lwl<n=Tkq |wl<n=Tky
fe-nbu-w)— i) 1rE\
S sup 1 - 5 1 dz Z E(VzMn)?
| |\7i|<—k"?k R (n"2u+ w) f2(2) M=0
w n 1
we put

Cn<K07K1) = Ssup
‘u‘<k0
Jw|<n™Tky

(f%<z —nru—w) ~ fi(x) 1) ) .
R (n~2u+ w) 2f3(2))

according to [98] (lemma 2) C, (Ko, K1) —2 0.
N—1

It remains to verify the convergence of Z ]E('sz’n), we have
M=0

-1 oo

— > n n n
E(v) < 207030 (@) + - - 0* (@) < oo,
k=0 k=0

then

N-1 ) 00
2N n n
E(12hn) <~ 0”3 (QU) 4+ -0 S (Q50)° < oo,
M=0 k=0 k=0
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Same as B, ,,, we deal with C;,,

2
= % Zz sM — n_%Uz n VVZ n) % Zz s 1
Cin = E {ﬂCl(k) (f (Ziant L Mn) = J2Zivorr) _ ~YiMn®f(Zivsm)

R

f§ (Zi-i-sM) 2
N-1 1 1 1 1 2
= // dgi(u,v)/(<f 2(z—n"2u—w)f” > — —(n~ 2u—|—w)gbf( Zivsm)f~ 2) dzdudw
=0/ Cilk) R 2
N-1
M=0
N-1
< ](f) E{:ﬂ'{zi+s]tf—l2k§l:1 ----- q} %’%M,n}?
M=0

using Holder’s inequality, we obtain
1

N—1
Con <IHP{|Zivapr ] = kil =1,.,41)F S Ellyinnnl’]5.
M=0

N-1
Now we simply need to show that ]E[|%-7M,n|3]§ is bounded, we have
M=0

o] n74 o] 1 B
E(v} pn) < 4n?E(D Ql,kZi—k+sM)4+7E(Z Q2,k(9i+n_;5(n))Zi—k+sM)4 =O0(n?),
k=1 k=1
the coefficients Q1 and Q27k((9i+n’%5(”)) are square summable, thus E[|v; an| ]%
E(\%,M7n|4)% =O0(n ') asn — co. Then E[|yin|* ]3 is bounded.
Moreover, it is enough to select a large k, such as P(|Ziysp—i| > ki1 =1,...,q) be
as small as we need.

Let k' = k(qlogq)?.

q

q
P(|Zivsmr—t| 2 K31=1,..,9) <Y P(|Zirsp—a| = k) < 2202(/?/)72 =0’k *(logq) ™,

=1 =1

then C;,, = o(1) as N tends to infinity. Finally, it is easy to verify that

N-1 s N-1 s N-1 s

E > Y (Zinn—vinn)® <1050 3 [E(Da)? + E(Da)” + E(Daa)?| 42 Y- D (Bin+Cin) — 0.
M=0i=1 M=0i=1 M=0i=1 oo
N—-1 s
(C2) supZZE iMn). < 00.
=0:=1
I
Zi,M,n = 9 Z Q ") ¢f z+sM)Zi7k+sM>
k=1
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2

notoL -
E(ZZQ,M,TL) S —mh_rgome ZQ be( z+sM) i—k+sM
k=1
_ n_l li fm (n) 2[ 2
= lim inf ) (Q%)*I(f)o,
k=1
N-1 Nn—l 00 "
E(Zi ) < —5—1(No® Y (Q1)*.-
M=0 k=1
N-1 s

since n) < 00, we conclude that su E(Zi prn 2 < .
Z Q k p

(C3 ) max max

1<i<s 0<KM<N-1

For a fixed i =1, ...,s by Chebyshev’s

N M=0i=1

| Zi v N—_m>00 under Py, .

inequality we have

N-1
P (x| 1Zoail > €)= P<MZOZ$W{|ZM |>e}>€>
1
= (ZZzMnfﬂzm»})
1 N—
< 72 ( Zivaly|z, Mn|>g})
M=
by Fatou’s lemma we write
N-1 1 N—-1 m 2
E( ,Mn{ ZMR‘%}) < *nnll_fgolanE [ZQl,k¢f(Zi+sM)Zi+sMk] [{ Zintn|>e}
=0 M=0 k=1
N-1 m 2
< anlggolnf > (ZQl,k¢f(Zi+sM)Zi+sM—k> dPy,,
n M=0 k=1
{[Ziatn|><}
we have
m 2 m
(ZQ1,k¢f(Zi+sM)Zi+sM—k> dPy, <> Q14 (67 (Zivsnr) Zivsni—x)” dPy,,
{IZoarnl>e} R (A
but if
|ZzMn| > €<= TZQlkgbf( H—SM) i+tsM—Fk| = €,
k=1
then

N-1

2

M=011 2, |52} ( =

k=1

ZQLkgbf(Zi—‘rsM

2
)Zi—i-sM—k) dPy,
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k=1

1 N-1 m 9
= n / (ZQl»k¢f<Zi+sM)Zi+sM—k> dPy,

<= Que Y, / (05 (Zigsrr) Zivsni— k)’ dPy,

because

/ <¢f( z+sM)Zi+stk)2 d]P)Qt T;)QO

1
Ui,M,n|>n2 E}

{

Thus max max |Z;yn| — 0 under Py,.
1<i<s 0<M<N-1' """ Noeo

N—-1 s ()\(n))Q
(C4) > > Zlyn— 1 . 0 under Py,.
M=0i=1
We have
N—-1 s ) n -1 N-1 s 2
Z Zz Mmn — 4 (Z 7,+5M)Zi—k+sM> )
M=01=1 M=01=1 \k=1
we set fori=1,....s
n —1 N-1 m (n) 2
Uinin = e ¢ ZiysM (Z QLkZi—k—i-sM) ;
M=0 k=1

2
yi,Mn ¢f i+sM <Z Ql kZz k+5M> )

k=1
the process (Yiarn) is ergodic with mean I(f)o? Z(Q%)Z, $0 U pn is such that
k=1
U’L,MTL Z - Opet (1)
Lo ax o2 OV S NP
And Zl(f)a Z(Qlk) — YR Z](f)(f Z(Qlk) < 0.
k=1 k=1

On the other hand, we apply the Cauchy-Schwartz inequality, and we obtain

N-1 s

hmsupIP){| > ZZZZM” — Ui mnl > 6} <

M=0i=1

i { Y. Qi +2[ZQ1ka]1 { S Qlkar} L

k=m-+1 k=m+1
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thus according to [11]

where (A\)? = Z(AE”))?

=1

N-1 s
(C5) JMZ_O;E(ZZMWIOZLM,TLD%)|An’i+SM_1) ]\:zo 0 under ]P)gt.
Note that

E (E (ZiQ,Mﬂ](|Zi,M,n|>%)|Ai+5M_1)) = E (ZzM:nI(‘Zi,NI,n‘>%))

< E ZiMan 1
(max max |Z;yn| > )
1<i<s 0KM<N-1 77 2
N—-1 s
following Swensen’s lemma (1985, p67) [98], it suffices to show that Z ZZZ?’M,H

M=0i=1
s uniformly integrable. To do this, we apply Serfling’s lemma. And by condition

(C4), under Py, we have

N—-1 s (A(”)) 2
Z ZZZ%MW —c— = 0p, (1), as n — oo,
M=0i=1
and ( )
N—-1 s )\(n) 2
E(Z2,., =o(l), as n— oo.
M=0i=1 ( ’ ) 4
N-1 s
Consequently Z ZZZQ M. 18 uniformly integrable.
M=0i=1
(C6) E(Z; prn|Anivsmi—1) =0 for i=1,..,s.
We have
n—% n—1
E (Zirn|Aigsrr—1) = 7 ZQl,kE (Zi-krsm @ (Ziysm) | Aivsnr—1)
k=1
n—% n—1
- 9 ZQl,kZi—k+sME (¢ (Zi—i-sM) ’Ai—i-sM—l) )
k=1
and

B(6(Zian) = [ = %23 00t = - [ e)az .
R R
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Because if we set z = F~'u) = inf {z/f(z) <u} and u € [0, 1] (F is the distribu-

tion function of f of the process (e;,t € Z)), we write dz = dF~"(u) = f(FOillL())
u
By Hajek and Sidak (1967) [43] we have
f(F~(u)
E z+sM / F 1 u =0.
Remark 4.2. According to condition (C4), (A™)? = I(f)o* > Q1
k=1i=1
Such that QF ), = (—da; () . %i 5t N2a; 20k-1),
3.3 0k = 3 Y(—dal” T
k=1i=1 h=1i=1 k
n n)\2 i
SN L EEYIED 3 oI PREE o) o
= 1=1 k=1 i=1 k=1 i=1 k=1
s (n s ook
= Z & —2d5”)z o log(1 —a?) + (5°) QZZ(%F
= o i=1k=1
For s = 2. We write
(n)y2 (n)y2 (n) (n)
(Y2 — T o 2, (01”) (a3”) _ogsm (4L 1—a2) 4+ 22 1—a2
() = FH B + T2 = 205 (Mtog(1 = ) + “Etog(1 — o))+
(n)\2 =, a} R af 2
EOP L + (2L
k=1 k=1
we can also rewrite the expression as follows, we put 7™ (agn) of” s 6)
and
d2
= 1 — q2
1-— a% 02 ai log( al) 0
d
0 ——log(1 —
1— (I% 0 s lOg( CL2)
F(Q) = 0k ,
——log(1 — af) 0 > (507 0
aq =1 k
d > ak
0 ~Llog(1 - a3) 0 Sy
(05} k=1 l{
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then
-1

N
2> (Ziagn + Zopta) — N(O, ()L 4(8) (7))
M=0

Accordingly, for any period s, i.e., i = 1,..., s, we have a (2s X 2s) symmetric matrix

['(0) of the form

d? d 5
2 0 0 ——1log(1 — ay) 0 0
aj ai
d? : d 2
0 5 0 . 0 ——log(1 — a3) 0
lfa2 ag
0 . 0 . 0 . 0
0 : 0 @ 0 : 0 4, (1 -a?)
: X ——log(l —a
1703 - as s
o) = d 2 . af o .
(0) = ——log(1 —a}) 0 : 0 E (=) 0 : 0
1
k=1
oo
. K
d : a:
0 ——log(l—a%) 0 . 0 E (*2)2 0
ag k
k=1
0 0 X 0 0
d? = ak 2
0 0 0 0 =
>
k=1

and 7 = (af"”, ...al, 60, ... 60), we get (A2 = (FL(0)()T where

S Y

Lr(0) = 1(f)o"T(0).

Under the regularity assumptions and for all sequences (T(”)) such that sup| |T(”) || <
N—-1 s

00, when N' — 00, 2 Z Z Z; M is asymptotically normal with mean 0 and
M=0i=1

variance equals (7)T;(8)(7")T.

4.3.2 Local asymptotic minimaxity

In perspective of local asymptotic normality LAN(6;1'¢(6); ASC")) property, this

paragraph defines the local Asymptotic Minimaxity (LAM) criterion [24].
Let ¢ be a loss function from R**! to R, such that ¢(z) = ¢(—z), Vo € R**!, where

the set {¢ < u} is convex for each u > 0.
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Lemma 4.3.1 Under LAN(6;T;(0); A;n)), for all 6™, if
)~
I(f)

V(o™ —9) —

A;’” = 0, (1), (4.6)

then
i) 0" s LAM under H}n)(ﬁ).
i) If (4.6) is verified, 0 is said to be O—regular.

Proof 16 i) Under Kreiss’s lemma 4.1 [66], the proof is inferred directly.

i1) 6—regularity concept.

4.3.3 Local asymptotic linearity

Since we have the local asymptotic quadratic (LAQ) form, we are able to derive
the following lemma, which is considered to be a crucial concept in the construction

of adaptive estimators for 6.

Lemma 4.3.2 If 0" is a sequence of estimators of 6 such that /n(6™ — 6) =
O,, (1), then
AP (6)) = AT (60) = —1(HTO)7™ + 0, (1), (4.7)

Proof 17 Since we have

Af,e(m/e = _Af,e/(a(n) + 0py (1),

and

n n n 1 n n
Agogaen = (AP O) = Z ()5 (0)(7 )T + 0,, (1),

we conduct a quick calculation (see "Chapter 5 [94] for more details"), we obtain
AP (0) = A0 + 0737 0) = T (0)(r )T + 0, (1), (48)

we consider 8™ = Q—I—n_%(n%(Q(”) —0)) and 7V = n? (0™ —8), we replace 6™ and

7™ by their expressions in (4.8), we get

AP(6) — AP (8™) =T (0)n2 (8™ — ) + 0,,(1).
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4.4 Simulation

This section is devoted to a simulation study. We aim to verify the theoretical
results of the local asymptotic normality.
We highlight the central sequence Agc”) that will be compared to the standard normal
distribution. Note that Agcn) € R*, so to reduce the complexity, we limit our study
to the case of a period s = 2, i.e., Agc") e R
We consider (4.4) and we deal with each component of Agcn) separately. For each
component, we generate a n = 2000 central sequence with a(ln) =0.74+n"2 x 0.07,
aén) = 0.92+n"2 x 0.09 and d™ = 0.49 + n~2 x 0.04 and we compare it to a n
realization of a gaussian process with the same mean and variance of Agcn), where f
is assumed to be normally distributed.
The QQ plot of each component is performed to check the local asymptotic normality
of its distribution.
Furthermore, we consider other agn) and d™ values in the MSE tables provided with
each figure to show the effect of varying them on the validity of the LAN property
(see table i for component i; i = 1,...;4).

All figures are obtained for n = 2000.

Nomnal Q@:plot

T
2 4 2 [

‘Theorztcal quaniles

Figure 4.1: Density plot and QQ-plot of Agc") first component
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n 100 500 1000 2000
al™ =0.7+n72 x0.07 | 0.01491785 | 0.01338333 | 0.0003876789 | 4.228599¢-05
d™ =0.49 +n"2 x 0.04
al™ =058 +n72 x 0.04 | 0.03409093 | 0.0271874 | 0.01723482 | 0.007203508
d™ =0.49 +n"2 x 0.04
a” =03+n72 x0.025 | 0.7361413 | 0.6501581 | 0.2446102 | 0.2435163
d™ =0.49 +n"2 x 0.04
a =0.7+n72 x0.07 | 1191921 | 0.7517666 | 0.4540717 | 0.1869369
d™ =3.14n"2 x0.07
a” =0.7+n72 x0.07 | 0.525802 | 0.2180738 | 0.09930603 | 0.03739237

d™ =0.08+n"2 x 0.001

Table 4.1: MSE of A}") first component and the standard gaussian process

Nomnal Q@-piot

T
05 00
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Figure 4.2: Density plot and QQ-plot of A;n) second component
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n 100 500 1000 2000
al” =0.92 +n72 x 0.09 | 0.02352083 | 0.01206706 | 5.680078¢-05 | 1.249709¢-06
d™ =0.49 +n"2 x 0.04
afV =051 +n"2 x 0.05 | 0.8573282 | 0.4648387 | 0.142002 0.1240862
d™ =0.49 +n"2 x 0.04
af’ =0.13+n72 x0.01 | 7.10016 | 5.446648 1.674653 1.555713
d™ =0.49 +n"2 x 0.04
a’ =0.92+n72 x0.09 | 0.9153858 | 0.6422062 | 0.3355191 | 0.08703649

d™ =3.14n"2 x0.07
al” =0.92+n72 x0.09 | 0.1367081 | 0.1352859 | 0.09448176 | 0.01428824

d™ = 0.08 +n"2 x 0.001

Table 4.2: MSE of A}”) second component and the standard gaussian pro-

cess

Nomnal Q@:piot

2 0

Thearztcal quaniles

Figure 4.3: Density plot and QQ-plot of Agcn) third component
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n 100 500 1000 2000
al™ =0.7+n72 x 0.07 | 0.02324806 | 0.01257646 | 0.0009121133 | 4.138632¢-05
d™ =0.49 +n"2 x 0.04
al™ =058 4+n"2 x0.04 | 0.284103 | 0.1585792 | 0.02508525 | 0.005351969
d™ =0.49 +n"2 x 0.04
a” =03+n"2x0.025 | 16865 1.140523 | 0.8553154 0.490919
d™ =0.49 +n"2 x 0.04
a =0.7+n72 x0.07 | 1280266 | 0.9940527 0.78614 0.1801243
d™ =3.14n"2 x0.07
a™ =0.7+n"2 x0.07 | 0.7541451 | 0.4036433 | 0.09617421 | 0.06160828

d™ =0.08+n"2 x 0.001

Table 4.3: MSE of A}") third component and the standard gaussian process

Normal QQ:plot

Theorecel quarles

Figure 4.4: Density plot and QQ-plot of Agcn) fourth component
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n 100 500 1000 2000
al” =0.92 +n72 x 0.09 | 0.1024018 | 0.03029323 | 0.0005531046 | 5.813622¢-06
d™ =0.49 +n"2 x 0.04
alV =051 +n"2 x0.05 | 1.062268 | 1.207582 | 0.8939105 0.526109
d™ =0.49 +n"2 x 0.04
a” =0.13+n"2 x 0.01 | 9.776774 | 6.974689 2.684501 1.75958
d™ =0.49 +n"2 x 0.04
a’ =0.92+n72 x0.09 | 1.299422 | 1.070233 0.421268 0.1229311

d™ =3.14n"2 x0.07
al” =0.92+n72 x 0.09 | 0.1384956 | 0.1136398 | 0.05685105 | 0.04381796
d™ =0.08+n"2 x 0.001

Table 4.4: MSE of A}") fourth component and the standard gaussian pro-

cess

In the figures 4.1, 4.2, 4.3 and 4.4, the red dotted lines represent the density
curves of the normal distribution and the blue lines are the density curves of the
central sequence components. The closeness between all pairs of curves allows us
to deduce that the four components have a normal distribution. Thus, A;") has a
normal distribution.

The figures also show the normal QQ plots of A;”) components, which are almost
aligned with the straight diagonal lines of the gaussian processes, indicating that
A;n) has a normal limit distribution.

For different sample sizes and different parameter values, we calculate the mean

squared error (MSE) between the gaussian processes and the generated Agcn) com-

ponents. The findings were presented in tables 4.1, 4.2, 4.3 and 4.4.
e The MSE decreases as the sample size n increases.

e The MSE is negligible when az(”) (¢ = 1,2) approaches 1.
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(n)

e The MSE increases significantly as a; ’ (i = 1,2) decreases and approaches

Zero.

1
e The MSE decreases as d™ approaches to 3 becomes small as d™ approaches

0 and increases as d™ increases significantly.

A low MSE value means that the distribution of the central sequence is close to

the standard normal distribution with the same mean and variance.

4.5 Conclusion

In this chapter, we have established the LAN property of the periodic fractional
autoregressive model, where we have shown the effect of periodicity on the LAN
property, especially on the form of the central sequence, which corresponds to the
period s, and then used it to investigate the existence of LAM estimation through
the local asymptotic linearity property.

The theoretical LAN results were illustrated through a simulation study.
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GENERAL CONCLUSION AND
PERSPECTIVES

All in all, in this study, motivated by a meteorological dataset, we developed a
time series model that integrates both long- and short-memory behavior with peri-
odic patterns. We began by presenting the main probabilistic properties, such as the
conditions for causality and invertibility, and demonstrated through the covariance
function that the proposed model is non-stationary; rather, it belongs to the class
of periodically correlated models.

We then derived the autocovariance and autocorrelation functions together with
their asymptotic behavior and proposed an estimation method based on minimizing
the distance between two probability densities. The asymptotic properties of the re-
sulting estimator were also established. Furthermore, we compared this estimation
approach with an analog of the maximum likelihood estimator, namely the condi-
tional sum of squares (CSS) estimator. Finally, we proved that the model satisfies
the local asymptotic normality (LAN) property, which allowed us to establish its
local asymptotic linearity and local asymptotic minimaxity (LAM).

All the theoretical results were thoroughly examined through extensive simulation
studies, where several scenarios and parameter configurations were considered. The
obtained results confirmed the validity and robustness of the proposed theoretical

findings.
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GENERAL CONCLUSION and perspectives

Overall, this work provides a comprehensive probabilistic and statistical frame-
work for modeling periodic time series with both long- and short-memory compo-
nents. However, several aspects remain open for further investigation. In particular,
the theoretical construction of confidence and prediction intervals could be explored
to provide a more complete inferential framework. Likewise, a deeper asymptotic
study of the CSS estimator would shed further light on its efficiency and practical
relevance.

Another natural extension would be the development of periodic fractional autore-
gressive models with mixed or dependent errors, as well as the design of adaptive
tests suitable for such settings. Finally, an important future step consists in ap-
plying the proposed methodology to real data, possibly through hybrid approaches

involving fractional autoregressive models.

These directions form the main perspectives of this work, which we believe offer
promising opportunities for both theoretical and applied developments in periodic

time series analysis.
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Résumé

Dans cette thése, nous avons étudié les modéeles autorégressifs fractionnaires d’ordre 1 a coefficients
périodiques. Ces modeles généralisent les modeles autorégressifs fractionnaires d’ordre 1 classiques a
coefficients constants, qui ne permettent pas de capturer le caractere de périodicité présent dans divers
phénomenes pratiques. Dans un premier temps, nous avons examiné les principales propriétés
probabilistes, telles que les conditions de causalité et d’inversibilité, la stationnarité, ainsi que le
comportement asymptotique des fonctions d’autocovariance et d’autocorrélation, qui caractérisent
entiérement un processus stochastique. Dans un second temps, nous nous sommes intéressés a
I’estimation des paramétres. Comme le modéle étudié est non stationnaire mais périodiquement
corrélé, les méthodes classiques d’estimation ne sont pas adaptées. Pour cette raison, nous avons
proposé deux techniques d’estimation des parametres du modele considéré et étudié la consistance des
estimateurs obtenus. La derniére partie de la thése est consacrée a 1’étude des propriétés asymptotiques
locales. Nous avons établi la propriété de normalité asymptotique locale, la linéarité asymptotique
locale et ’existence d’un estimateur minimax. Enfin, tous les résultats principaux présentés dans cette
these ont été largement Vvérifiés et validés a travers des études de simulation.

Mots clés: Processus autorégressif fractionnaire, périodicité, auto-covariance, estimation, distance de
Hellinger, estimateur des moindres carrés conditionnels, normalité asymptotique locale, linéarité
asymptotique locale.

Abstract

In this thesis, we studied first-order fractional autoregressive models with periodic coefficients. These
models generalize the classical first-order fractional autoregressive models with constant coefficients,
which fail to capture the periodicity observed in many practical phenomena. First, we examined the
main probabilistic properties, such as the conditions for causality and invertibiliy, stationarity, and the
asymptotic behavior of the autocovariance and autocorrelation functions, which fully characterize a
stochastic process. Next, we focused on parameter estimation. Since the studied model is non-
stationary but periodically correlated, classical estimation methods are not suitable. Therefore, we
proposed two techniques for estimating the parameters of the considered model and investigated the
consistency of the resulting estimators. The final part of the thesis is devoted to the study of local
asymptotic properties. We established the local asymptotic normality property, local asymptotic
linearity, and the existence of a minimax estimator. Finally, all the main theoretical results presented
in this thesis were thoroughly examined and validated through extensive simulation studies.

Key words: Fractional autoregressive process, periodicity, autocovariance, estimation,
Hellinger distance, conditional least squares estimator, local asymptotic normality, local
asymptotic linearity, simulation.
gadla
zlal z3laill o2n aand Ay ) sall cdlabaall cld V1 A all (e (g I A HlassV) 23l Al oy il da gyl 030
b 53 sall &y sal) aglal) i) ol Y 3 AR Clalaal) <3 3 5Y1 Al (e A (gl SN lasa)
bl 5 ¢Sl B 5 Aanadl da g i Jie At N ALY aibiadd) Ay Lad dolad) (4 Alend) 8l skl (e 3a2l)
O lars ) e L3S 5 edlld any A sdie e JalS (S5 i A1y ¢ 31300 I 315 0 il ) sal oyl o sha
] G ) L Ll cllY) dpulie Cand A BISH paill (3 ke (8¢5 50 IS Lol e Sl i 58 s paall 235l
Ll yal Gavaie da kY g 5l el Lo Jsandl & Al ol GBlus) Aul oy s sl 23 saill CDlelas
) an Y Hdie 3 ga gy cidaall Ay jlaall Adasll o daall Coliall JUsnY) dpals Uil Ll el Ay jlad) ailiadl)
e

ASlaall il 32 e Lgina G gl 5 (i€ JSE da gyl o3 8 Fadiall Ay I il maen (pe (a3

ASlae ol il ) el edall ) a0



	List of Figures
	List of Tables
	General introduction
	The evolution of time series analysis: A historical perspective
	Motivation and background of the study
	An overview of the thesis

	Generalities
	Stochastic processes and periodicity
	Mathematical tools
	Long memory processes
	Estimation in long memory processes: minimum Hellinger distance estimation
	Local asymptotic normality

	Fractional periodic autoregression
	Introduction
	Fractional process with periodic coefficient
	Autocovariance and autocorrelation functions
	Simulation
	Conclusion

	Estimation for the stationary multivariate fractional autoregressive process
	Introduction
	Stationary multivariate fractional autoregressive model
	Parameters estimations
	Simulation
	Conclusion

	Local asymptotic properties for a periodic fractional autoregressive model
	Introduction
	Definitions and formulations
	Main results
	Simulation
	Conclusion

	General conclusion and perspectives
	Bibliography

